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This dissertation was written as part of the MSc in Energy and Finance at the 
International Hellenic University.  
The aim of this paper is to analyze the fundamental drivers and relationships of 
the electricity prices in the Hellenic Day-Ahead-Market (DAM), and compare the 
results with other large markets of the European Union, such as German, Italian, 
French and Swedish. As for any market, the forces of demand and supply, 
generally speaking, play the most important role in the formation of prices. The 
idiosyncratic features of the electricity markets make them very special and by 
far their analysis should be founded based on some assumptions. Currently, the 
electricity markets are organized as markets for any other financial asset, 
accepting bids and asks. The purpose of electricity markets, is the scheduling of 
the Day- Ahead electricity supply, and the corresponding prices. Many are the 
variables that play a role in the formation of prices, which especially in the case 
of electricity markets, take into account not only economic realities and relations, 
but also technological developments, networks constraints, primary fuel prices 
and during the last decades, the generation and injection into the system, of 
electricity that is produced by renewable energy resources. Also the intraday 
distribution of demand plays a crucial role, since helps to distinguish between the 
high demand hours, which are called peak hours, that have high corresponding 
prices, and the valley time, called off-peak hours, that the demand is 
characterized as “normal”. The purpose of this dissertation is to mainly unveil the 
market’s pricing model for electricity using a rich set of fundamental variables. 
The relationship between the day ahead prices, demand and the injection of 
renewable energy into the system, and not by conventional power plants and 
fossil fuels. To achieve our goals and give a valid interpretation of our results, we 
have used principal components analysis to estimate the factors and loadings of 
factors of the factor model. In addition, we try to find possible patterns in the 
markets related to and caused by seasonal parameters. 
 
Keywords: factor models, principal component estimation, electricity markets, 
pricing 
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In this part I would like to express my gratitude to my parents and to the rest of 
my family for their unconditional support, to the professors that have taught me 
all these valuable subjects, to further understand the subtle relationships in the 
“universe of economics”. Furthermore, I would like to personally thank prof. 
Nikolaos Thomaidis, for giving me the opportunity to work on such an interesting 








































Humanity has developed through the millennia, techniques and methods in order 
to meet its needs and cover its demands. Τhe peak of this process was the 
industrial revolution that took place in Europe during the 18ht century. That very 
period the systematic, continuous and unprecedented exploitation of the natural 
resources of the planet started on a scale not ever witnessed before. Industrial 
revolution increased at an unprecedented rate the energy needs, a situation that 
had as a consequence the massive employment into the production of fossil fuels. 
Firstly, coal was used to cover the energy needs of the industries back then. But, 
the difficulties of extracting it, the rising costs and the technological developments 
brought into the production equation other fossil fuels and mainly oil, that has a 
higher energy density. The production for centuries, and even today at a large 
extent, depends largely on the usage of fossil fuels. But the production utopia did 
not last long enough, and brought mankind in front one of its greatest challenges, 
global warming. 
 
The exploitation, at an industrial scale, of fossil fuels had as a byproduct the 
increase of CO2 emission and other greenhouse gases. The exponential 
expansion of production, and the respective increase at the use of fossil fuels, 
created some distortions to the planet’s physical conditions. The combustion of 
fossil fuels increased the levels of CO2 into the atmosphere, causing on the long-
run an increase at the average temperature levels on planet’s surface, a 
phenomenon widely known as climate change. Climate change provokes climate 
shifts on regions of the planet that the majority of population lives and works. The 
consequences of global warming could be catastrophic not only for humanity, that 
it must survive in a less inhabitant environment, but also because supply 
disruption on all economic sectors will disorganize the societies and the ways in 
which they operate. In order to tackle the problem – challenge of global warming, 
governments and international institutions have decided to adopt an economic 
model adjusted to the realities of the planet of earth. To achieve this aim of major 
importance, it has been decided that economies should function and operate in 
an environmental friendly manner, meaning that a part of humanity’s energy 
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demand must be satisfied by energy, especially electricity, by renewables natural 
resources. 
One of the economic sectors that is under reform, is that of electricity production. 
Electricity is one of the most important forms of energy, and therefore electricity 
consumption, is one of the prerequisites of economic development in developed 
and developing countries alike. The signing of the Kyoto Protocol agreement and 
the 20-20-20 plan by the EU set new targets for the decarbonization of electricity 
production. (Europe 2020). Currently, European countries jointly depend on fossil 
fuels and nuclear energy to cover electricity needs. Fossils fuels (conventional 
power plants) count for more than 40% for the generation of electricity while 
nuclear accounts for about 25%, while at the same time renewables, that include 
solar, wind and hydro, account for 28% (EU Commission report, 2018). The 
sectors of the economy that heavily depend on the consumption of electricity are 
transportations (rails), households, services and the industries of chemicals iron 
and steel (Euroelectric, 2018). The electrification of energy poses many 
challenges to policy makers, markets and producers, since it is expected to 
increase the total demand for electricity (Staffell, Pfenninger,2017). 
 
At the process of electrification of major sectors of its economies, EU has decided 
during the last decades to deregulate its markets, introducing competition at the 
supply of electricity to consumers, industrial and residentials (DIRECTIVE 
2009/73/EC). The deregulation of electricity markets by the EU changed the 
status quo of energy pricing and consumption till then. Up until the early 1990’s, 
electricity generation was a natural monopoly, meaning that the entry level fixed 
cost was high (mainly a sunk investment as all energy producing investments), 
and with decreasing average and marginal cost, where characteristic features of 
the industry’s structure (Tietenberg, Lewis: Environmental & Natural Resource 
Economics, 9th edition, 2012). In a natural monopoly environment, it is 
economically unsustainable for businesses to enter, since any attempt to 
increase the marginal cost could create deadweight loss, reducing the social 
welfare (Bhattacharyya, Energy Economics: Concepts, Issues, Markets and 
Goverance,2011). The pricing of energy in a natural monopoly is either the 
marginal pricing one, in which the prices equal the marginal cost of production 
(losses for the company are acceptable), or Ramsey’s pricing, that minimizes the 
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deadweight loss by pricing at a non-profit point, or by Regulated Rate of Return, 
in which a company should justify its pricing including a defined by the law 
permitted rate of return.(Creti, Fontini, The basic design of Electricity systems 
and markets: Some principles of Electricity sector regulation, 2019). 
 
The deregulation of markets, make the prices of electricity to be subjected to the 
fundamental forces of any market, that of demand and supply. Electricity, as a 
commodity presents some idiosyncratic characteristics. The most prominent one 
is its non-storability and by extent is instantaneous nature, making it difficult to 
get price signals from forward markets. Due to different production technologies, 
there are different associated marginal costs, something that effects the shape of 
the supply curve. In addition, frequent auctions (the supply of every hour is 
auctioned daily), interventions of regulatory authorities and the market design, 
create the phenomenon of agent learning. Moreover, market power and other 
information asymmetries among market participants can create market 
distortions, causing prices to increase unreasonably (Karakatsani, Bunn.  2008). 
In addition, its non-storability property and the instantaneous production and 
consumption, are the main reason for prices spikes and of its high price volatility. 
Furthermore, electricity markets, show an idiosyncratic and unique feature, that 
of negative prices. Negative prices, are another proof that fuel markets, do not, 
on the short run, give price signals to electricity ones, and that RES injection 
create pricing and management challenges for markets (Afasanyev et al. 2020). 
Also the volatility of prices and the associated risk could be augmented and / or 
increased by the intermittent nature of renewable energy resources (Rintamäki 
et al,2017) (Ketteller, 2012). 
Naturally, the deregulation of electricity markets created and continuous to create 
new realities. From the market model of a regulated (natural) monopoly by the 
law (Polemis et al ,2013), the entrance of new private producers gave rise to a 
new market structure, that of an oligopolistic character. Such a market structure, 
assumes the reduction of baseload capacity by the (previously) monopolists, 
giving market share to the new players. That is the case for Germany, that will 
replace its nuclear power plants with CCGT infrastructure (Golombek et al, 2016). 
In an oligopolistic environment, there is always the challenge to prevent the 
phenomenon of “tacit collusion” among power providers, that could potentially 
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create market distortions by the manipulation of the market prices (Chen et al, 
2006). Another major challenge is the market design that will secure the 
undisrupted supply of electricity to the market, given the excessive importance 
that European Union has given to renewable energy resources. 
European Union, with the agreements that has signed, Kyoto agreement, Paris 
Agreement, has additionally given direction to the member states of the union, to 
give incentives for investments in the renewable plants, especially in solar 
(photovoltaic panels) and wind power turbines (EU COM/2018/77). In order to 
support this kind of green energy generation investments, the various 
governments have given financial incentives from tax weavers to feed-in-tariffs, 
in order for the investors to secure their revenues on the long run. According to 
some critics, this financial support scheme has created some market distortions 
and is not always so beneficial for the consumers and for the long term energy 
strategy (Paraschiv, 2014), while it is also highlighted the fact that these strategy 
has supported only some sectors of the economy to lower their energy costs. 
Another fact that raises some concerns is the weight that the governments give 
to investments on renewable power plants and not on the development of 
supportive infrastructure to bridge possible disparities among producing areas 
and areas with high levels of demand (Hiroux, 2010) (Borenstein et al, 1999). 
 
The integration of renewable energy sources into the energy system raises 
additional challenges. The intermittent nature of their electricity production, has 
created some concerns about the stability of the system and especially of the 
security of supply. Electricity produced by renewables has always priority, 
meaning that is injecting to the system first. Many of these injections, especially 
from photovoltaic panels, comes during day-time peak hours, hours of the day 
that independent producers could have increased revenues, while the prices 
volatility of that hour decreases (Tveten et al 2013). That is a classic case of the 
merit order effect of renewable energy resources, that will be discussed later 
extensively. Moreover, the existence of renewables, have in many cases created 
some distortions into the market prices, especially when weather conditions are 
such, that the energy supply surpasses demand, and so negative prices occur. 
Another issue that will be analyzed. The complete integration of renewables into 
the power systems and networks, creates the need to redesign the markets, in 
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order to attract investments and create a competitive environment. Another factor 
that is characterized as fundamental is the demand for electricity. Demand for 
electricity is one of the fundamental drivers of electricity prices (Barlow,2002), 
while the ways in which fluctuations in demand are explained by some seasonal 
patterns due to weather conditions (Skantze et al,2004). 
 
The aim of this dissertation is to unveil some structural or fundamental factors 
that can explain the formation of the hourly prices on the mid and long-run, and if 
it is possible using fundamental pricing models to find some meaningful results 
that can help market participants to position themselves and maximize their gains 
and profits. The study adds to the literature that already exists, because instead 
of taking into account fuel costs, operational cost and in general conventional 
methods of electricity production, it turns its focus on more fundamental price 
drivers such as load, making hypothesis on the factors that affect it. In addition to 
that, which factors influence the injection of electricity from renewable energy 
sources and how RES affect prices. Moreover, we attempt to reveal if there are 
factors that influence simultaneously the fundamentals and which one affects 
more, different time blocks. 
 
The brief introduction to the topic of research came to an end. The rest of the 
dissertation is structured as follows: Section 2 includes the literature review, a 
short, but precise exposition of the literature on fundamental prices, the effect of 
renewables to electricity prices, the merit order effect consequences on the 
existing power plants, some possible solutions to the distortions that Feed-in-
Tariff cause to the markets, and some weather conditions and economic 
cycles/realities that may affect the level of demand. Section 3, describes the 
methodology used to find the final empirical results. In methodology section 
structural factor models are used, and the loadings and factors are estimated by 
using the principle components methodology. Section 4, gives a preliminary 
analysis of the data and some brief observations on the results. The last sections 









In the section that it follows, it is going to be given a short literature review of the 
existing literature on fundamental drives of the electricity prices, the effect of 
injection of electricity produced by renewable energy sources, how the demand 
changes as a result of the different climate condition across the European 
continent and how different stages in economic activity affect it. How Feed-in-
Tariffs create incentives and counter incentives for investors of RES and for 
investors of convenient power plants respectively, and how could be integrated 
into a new market design to make RES producers “sensitive” to price signals. 
Also it is given a framework by the literature on the results that the new 
oligopolistic character of the market could affect the electricity prices. 
 
2.1 The new oligopolistic character of the market and 
fundamental models. 
 
The transition from the classical market structure of the electricity markets, that 
had the form of a natural monopolistic character has changed with the market 
deregulation. According to Borrenstein et al (1999), the oligopolistic electricity 
markets can be explained by two different models, the first is the Cournot – Nash 
equilibrium and by the Bertrand equilibrium. The former, assumes that strategic 
firms decide their production scheme, having as a given the quantity that their 
competitors produce, that according to the them, suits best the interest of firms 
that have market power. An important observation of the authors is that market 
power could be formed also by cooperative groups of producers, that form a sort 
of a cartel. The latter model, that of Bertrand equilibrium, proposes the notion that 
a firm with a low marginal cost of production can capture the entire market share 
by and if expands its production, so driving its competitors out of business. 
Moreover, market power and manipulative behavior of prices is more possible to 
occur during peak-hours, when dominant firms can by withholding production, 
lead the prices to high levels. Following the same intellectual path, Chen et al 
(2006), introduced the Pareto improvement. According to the authors, because 
of the high frequency that auctions take place, the phenomenon of learning 
agents is present. The experience of the market participants will help them not 
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only to acquire a deeper understanding of the electricity market, but at the same 
time to form “tacit collusion”. Pareto improvement, assumes that the strategy of 
electricity producers will be such, that by controlling the total quantity of electricity 
will form the prices at such a level that will maximize their revenues and profits. 
Taking into account the price elasticities of demand, that on the short run is price 
inelastic, it could create market distortions that will cause deadweight losses and 
minimization of welfare, or astronomical profits for suppliers. 
A ground breaking analysis of electricity markets was conducted by Karakatsani, 
Bunn 2008. The authors introduced a forecasting method with time varying- 
coefficients, exclusively based on fundamentals of the market. Based on their 
analysis, they found that every hour has a different price pattern, reflecting the 
respective demand and supply conditions, based on a number of technological 
constraints. Concluding their results, they found that a fundamental model, using 
demand and supply, can adequately explain the electricity prices. According to 
the authors, the UK electricity market showed a peculiar, but explainable 
characteristic, that demand effect, is variant through different time periods, 
subjected to different weather, but it was less important compared to bilateral 
agreements of supply, resulting from the lack of a central dispatch authority. 
Alvarez and Ramirez (2010), attempted to find time-dependent correlation among 
electricity models to forecast prices. After highlighting that an accurate 
fundamental model can improve the efficiency of markets to schedule the 
dispatch of energy production, by improving the decision-making process for 
market regulators and producers. For the former group, such models can help 
them distinguish market irregularities due to a manipulative behavior of the supply 
side, and for producers, to strategically position their bids in order to increase 
their profits. They found three fundamental price drivers of electricity prices. 
Demand, that depends on weather conditions, electricity retail prices and the level 
of economic activity. Supply, that depends on the generation mix., installed 
capacity and network constraints. Lastly the market design, including the 
existence of price caps, capacity regulation and others. According to Woo et al 
(2017) and De Lagarde et al (2018), the existence of price caps, augmented by 
the merit order effect of RES has created the “missing money” problem, that 
refers to the absence of financial incentives, because of low electricity prices, to 
investors of conventional and CCGT power plants, making their investment 
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financially unfeasible. The implications of these situation put under uncertainty 
the undisrupted supply of energy to the markets. 
Afanasyev et al (2020), analyzed how various electricity markets respond to 
fundamentals, based on different time–scales. Their initial assumption of short-
term price inelasticity of demand, the mean reversion property of electricity prices, 
differences in marginal cost and of the non-linear structure of electricity markets 
lead the conclusion concerning the electricity prices on the short-mid and long 
term. The first conclusion is that demand has a different influence on electricity 
prices depending on time scale. In the short-run there is a positive and strong 
influence, in the mid-term is insignificant and so absent and in the long run 
negative, since a reduction of demand increases the average production cost for 
the existing producers, while the long-term upward trend in prices can force 
consumers to change their electricity consumption profiles. The second 
fundamental factor used in this paper was fuel cost. Their results conclude that 
the fuel markets on the short-run have no influence of electricity prices, showing 
that fuel markets’ price signals do not “contaminate” the electricity ones. Contrary, 
on the mid and long-run, the relationship between electricity markets and fuel 
markets is present, showing that electricity markets response to price signals 
from fuel markets with a lag. On a similar fashion, Shiri et al. (2015), attempted 
to explain the electricity prices of the German market based on the fundamental 
factor of fuel prices. The conclusion is that electricity prices could be adequately 
explained by oil prices, since natural gas is oil-priced. 
 
To a more general approach Thomaidis et al (2018), investigate how the hourly 
power prices in the Pennsylvania, Jersey and Maryland (PJM) interconnection 
system are affected differently by a number of common unobserved or latent 
factors. The authors adopted a multilevel factor model, dividing the factor 
components in regional and global, while they also account for the idiosyncratic 
part. Their final conclusion is that global and regional forces create a complex 
cross-correlation structure in the PJM prices and the contribution of each factor 
varies significantly among delivery hours. Additionally, they observed that power 
prices have high levels of synchronization, while the contribution of the 
idiosyncratic component is less significant. Also the power prices show 
persistency, a serious indication of the influence that the systematic factors 
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exercise on prices. Lastly, the slow mean-reversion of prices was due to low 
frequency cycles of the economy. 
 
Also, Thomaidis et al. (2019), analyzed the ways that fundamental drivers affect 
the formation of electricity prices. The authors found that Greek Day-ahead 
electricity prices respond to fundamentals, indicating the existence of a rationality 
of the formation of market prices to fundamentals. Moreover, they made some 
important observations concerning the structure and by extent the pricing law in 
the Greek electricity market. They detected, that the contracts of some hours 
show a price persistence, which is not in line with the course of the fundamental 
drivers. This is an indication that some forces can extract a higher rent from the 
prices of that hour, implying the existence of a non-competitive market structure 
in these hour segments (peak and off-peak hours). 
 
2.2 The merit order effect of renewable energy sources, its 
impact on prices and pass-through of costs. 
 
The impact on electricity prices of injections of RES is a wide topic of research. 
Paraschiv (2014), points out that electricity produced by RES is injected with 
priority into the medium voltage system. Having zero marginal cost of production, 
they push to the right all of the supply curve, lowering the prices and by extent 
reducing the profitability opportunities of conventional power plants. The author 
also observes that solar and wind power plants have not only decreased 
electricity prices but especially PV, have caused a reduction of prices during day-
time peak hours, making the price curve smoother. The drawback that exists is 
that the main beneficiaries of lower prices are energy intensive industries, and 
not the consumers, who pay the financing, though Feed-in-Tariffs, of these RES 
plants. Concludes, by proposing the channeling of funds not to additional RES 
plants, but to investments related to network infrastructure investments. Some 
propositions to make Feed-in-Tariffs integrated into markets have been made by 
Hiroux et al. (2010). Following the analysis of Klessmann et al. (2008), Hiroux, 
proposes the Feed-in-Tariff with premium support schemes, meaning that they 
should be exposed to markets, and to price risks, and after, receive a premium 
as a compensation for the positive externalities. Such a measure according to 
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the authors will create the minimum revenue variation for RES producers, while 
it will normalize the integration of RES into the energy markets. 
 
De Lagarde et al (2018), reaches to same conclusion as Paraschiv (2014). He 
concludes, that higher RES share will further depress the electricity prices on a 
global scale. He observes that the merit order effect has a different effect on 
different hourly prices, adding up that the seasonal variations of demand are the 
main drivers of prices. Also he detected, that the long- memory effect and 
autocorrelation are present in certain markets (Nordic electricity market). He 
finishes by comparing the impact of wind turbines and PV on prices, finding out 
that wind has a more significant impact on prices than solar energy, agreeing with 
Paraschiv (2014). Also his findings are complementary to the findings of Ketterer 
(2012), that concludes that wind causes a reduction in prices, but also its 
intermittent nature increases price volatility, increasing the revenue variability for 
conventional and RES electricity producers. A slightly different approach was 
adopted by Tvetten et al (2013). Tvetten, attempted to unveil which RES had the 
most significant merit-order-effect. By comparing the solar with wind, firstly the 
results agree with that of Paraschiv (2014), and secondly found that the merit-
order-effect of solar is higher, caused by the injections of it during the day-light 
peak hours. The final proposition differs from that of Paraschiv, proposing the 
continuation of feed-in-tariffs to PVs and not to infrastructure. 
 
The above results contradict with the results of Kallabis (2016). He also adopted 
a pricing model based on fundamentals, in order to explain the plunge in 
electricity prices in Germany. According to his finding, the reduced prices are due 
to the reduced cost of the CO2 emission permits. Other factors, ordered in 
descending importance are RES production, demand, capacity and fuel prices. 
He observed that the low electricity prices gave a boost to electricity exports. Also 
analyzing the impact of lower prices on the profitability of investors of 
conventional power plants, he argued that investors remain indifferent as long as 
there is a proportionate reduction to their inputs cost, leaving unaffected the 
operation margin. He supported his thesis, arguing that RES injections mainly 
affect the peak-load hours (agreeing at this point with Paraschiv (2014)), claiming 
that CO2 prices are an important cost for conventional plants, that cover the 
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demand of valley hours. Furthermore, following the analysis of Van Bergh (2013), 
argues that RES deployment, causes a reduction for CO2 allowances, making 
their prices fall. Finally concludes, that energy- efficiency policies and RES are 
going to affect the profitability of investors into the future. 
 
The topic of cost-pass-through is an important issue for the price formation in 
electricity markets. Woo et al (2017) analyzing the electricity market of California, 
that is based on natural gas combustion engines, found a total pass-through of 
the CO2 costs from producers to consumers, through the marginal prices. An 
important observation is what they named as “electricity laundering”, which was 
caused by the Cap-and-Trade policies. Companies, in order to comply with the 
strict environmental regulations, import energy from neighboring states, causing 
probably a negative net impact for the environment. 
 
The existence of pass-through cost impact on electricity prices have attracted the 
interest also in Greece. Georgakellos (2010), analyzing the Greek electricity 
market that was satisfied by lignite power plants, and associating it with the 
external costs, showed that caused an increase in productions costs and by 
extent on electricity prices. Continuing his analysis, he reveals that for a period 
of time the average cost of producing (after cost internalization) by PPC was 
higher than the average wholesale price, causing financial problems to the 
company. His proposition was the replacement of lignite with natural gas. Similar 
results are found by Dagoumas et al (2019). Analyzing the Greek electricity 
market, they found almost complete pass-through of input costs to the final 
consumers. He also claimed, that trading of ETS into financial markets can in the 
short-run be subjected to manipulative trading schemes, causing an inflationary 
spiral on wholesale prices, while expressing the notion that even the introduction 
of emission regulation could increase prices. Dagoumas et al (2019), found also 
a seasonal pattern in the demand in Greek electricity market, showing a positive 
correlation among high temperatures and electricity prices. 
 
It is evident till that point, the importance that fundamental factors have on the 
formation of electricity prices. Rinne (2019) analyses the impact that an 
exogenous event can have on electricity prices, through a reduction in capacity. 
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The shutting down of nuclear reactors in France, was associated with energy 
shortages in the country, creating a boost of energy exports, especially from 
Germany. The capacity shock, had a surprising outcome. German producers 
witnessed their revenues increased, and French consumers their bills decreased, 
while the result was the opposite for French producers and German consumers. 
Rinne (2019) through her analysis, expressed her opinion about the reason of 
lack of infrastructure to connect the networks, confirming the analysis of 
Borenstein et al (1999), that some producers, may create strategically network 
congestions to cause price spikes, and retain their rents. 
 
According to Roldan et al. (2016), the impact of merit-order-effect has been 
amplified by energy efficiency improvements. They propose a new term, Merit-
order-effect of energy efficiency. They claim the existence of two mechanism of 
price reduction. The first involves the push to the right of the supply curve, caused 
by RES injection causing the lower of prices, and the second one that is 
associated with energy efficiency. They assume that the total energy demand will 
decline, RES will have a greater share of the market, the demand for CO2 permits 
and fuels will decrease, and as a consequence the prices will fall even more. The 
only precondition for their theory is the proper regulation of the markets. Finally, 
they assume that the effect of energy efficiency will be greater than that of 
renewables. 
 
2.3 Seasonal (and weather patterns), economic activity and their 
impact on demand. 
 
In the literature, there is a rich number of researches that investigates the nexus 
between energy (and electricity demand) and economic activity, while of equal 
importance is the impact of seasonality on the demand for electricity. To begin 
with, Skantze et al. (2004), in an attempt to model demand, he distinguished three 
sorts of seasonality, daily, weekly and annual. Other of their conclusion is that 
overall electricity demand is affected by economic trends and that demand is 
price inelastic on the short-run. With their findings concerning the seasonality of 
demand, Dagoumas et al (2019) agree, that electricity demand in Greece is 
affected by seasonal parameters, such as weather condition and temperature, 
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showing significant correlation. The findings of Karakatsani & Bunn (2008), are 
verified from the above arguments. Others, such as Staffel et al. (2017), agree 
that demand is seasonal, but they complete their research by showing that 
depending on the RES penetration, demand’s increase might be absorbed by 
RES injections. With Staffel’s findings agrees Papaioannou et al. (2018), that 
RES can sort of offset this fluctuations, lowering the system’s marginal price 
(merit-order effect). Ekonomou (2010), conclude that in Greece weather, 
especially high temperatures, is an important determinant of electricity demand, 
a result supported by Moustris et al. (2014). 
 
The interrelationship among electricity prices and economic activity, resembled 
in labor demand of manufacturing sector, is researched by Cox (2014). He 
concludes, economic activity is affected by rising prices, when the economy-
sector is energy dependent, meaning that rising electricity prices affect negatively 
economic activity. Other researchers, focus on socioeconomic factors and their 
impact on electricity demand. Kostakis (2020) concludes, that in Greece, level of 
education, gender, disposable income, number of employed in a household and 
the geographic area of residence show a positive relation with the electricity 
consumption. Similar results can be drawn by Rapanos et al (2006). An important 
parameter of energy and by extent electricity consumption is the causality among 
the two. The results among different researches vary (Acaravci et al, 2010), 
(Polemis et al, 2013). The general assumptions that could be made are that 
energy conservation policies could hurt an energy dependent country, low price 
sensitivity of demand can be a good source of revenues for the state (Cox 2014), 
and that on the short run demand in inelastic to prices, something that is not the 
case for the long run. 
Lastly, during the pandemic of Covid-19, a number of studies presented their 
findings on how a disruption in the economic activity affects the electricity 
consumption. Santhiago et al (2020) found that the impact that reduction of 
economic activity has on electricity prices was greater than that of temperature, 
in Spain. They found that during the same period household’s electricity 
consumption was increased. A byproduct of lock-downs on national economies 
was the higher shares of RES at the energy mix, having as a net effect a further 
reduction at the already low prices. The authors proposed that these period is 
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indicative of the RES impact on electricity prices even at valley time hours. 
Another research paper with results similar to Santhiago’s one, is that of Cicala 
(2020). The author found on a European level a significant reduction on the 
economic activity and consequently on average 10% reduction of electricity 
demand. All the above authors, reach at the conclusion that seasonal variation, 
economic activity and weather patterns play a significant role on the electricity 
price formation. The situation becomes more complicated by the offsetting effects 
that RES injections have on the prices of peak and off-peak hours. The impact of 
the penetration of RES has wider implications for the stability of the electricity 
supply to the market. RES affect at a large degree the profitability of conventional 
power plants, since they make their operation economically unfeasible (Hiroux et 
al. 2010). 
 
Summing up, the above was the theoretical foundation of the current reality in 
electricity markets, their new structure and design, the impact of RES to the price 
formation. The fundamental drivers, that drive the electricity prices on the long 
run have been presented in combination with the seasonality variation. At the 



















In this section it will be given a description of the methodology used in order to 
get the out final estimation, to give an interpretation to which are the factors that 
affect the most the electricity prices across different national markets. 
 
3.1 Factor models. 
The current world consists of a great number of variables that affect one another. 
In such a data rich environment, several techniques have been introduced in 
order to manipulate the available observations, analyze them and acquire 
valuable conclusions. Factor models primarily are used as dimension reduction 
techniques. These models are used in order to sum up the information that is 
contained in a great number of economic variables into a smaller number of 
common factors (Barhoumi, 2014). The assumption behind factor models is that 
a number of common factors can explain the course of a number of economic 
variables. These factors belong to one of the following categories (Thomaidis, 
2019). They can be observed, meaning that they can be used as explanatory 
variables in a regression model or they are unobserved or latent that influence 
the values of some variables, implying the notion that must be estimated. These 
latent or unobserved factors can be “variables” such as economic cycles. 
Bai and Wang (2016) proposed the following large factor model (expressed in its 
analytical form) as follows: 
 
𝑋𝑡𝑖 =  𝜆𝑖1𝑓𝑡1 +  𝜆𝑖2𝑓𝑡2 + ⋯ + 𝜆𝑖𝑘𝑓𝑡𝐾 + 𝑒𝑡𝑖 
𝑡 = 1,2, … . , 𝑇     𝑖 = 1,2, … , 𝑁    𝑘 = 1,2, … , 𝐾 
Where N is the number of variables of the panel, T is the size of the sample and 
K is the number of common factors that is usually smaller than the number of 
variables. Xti  is the value of variable  i at time t, 𝜆𝑖𝑘 is the value of loading 
coefficients of variable i to the factor f and ftk is the value of common factor, while 
eti is the value of the idiosyncratic component i at time t. 
The factor model can also be expressed in a matrix form as follows: 
𝑋𝑡,∗ = 𝛬𝐹𝑡,∗ + 𝐸𝑡,∗ 
Where Xi = (xi1, xi12, …., xiN)’ is the Nx1 vector of initial variables at time t. 
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𝐹𝑡,∗= (ft1, ft2, …, ftK)’is the Kx1 vector of common factors at time period t. 
Λ is the N*K matrix of loading coefficients. 
Et,* = (et1, et2, …, etN)’ is the Nx1 vector of error terms of the time period t. 
 
The product of ΛFt is called common or systematic component, affected by the 
impact of common components k=1,2,..,K and is denoted with Si, while the Et is 
called idiosyncratic component.  
The new form of the model is: 
𝑋∗,𝑖 = 𝑆∗,𝑖 + 𝐸∗,𝑖 
 
3.2 Estimation of the factor model. 
 
If the common factors F were measurable variables, for which there were 
historical data, the model parameters could be estimated by using ordinary least 
squares or maximum likelihood. 
The problem arises when the factors of the model are latent or unobserved. In 
order for the model to be estimated two sets of constraints must be employed. 
 
First set of constraints: 
Α1. The common factors must be orthonormal, meaning that they have zero 
sample covariance and a unit variance. 
        (
1
𝑇
) 𝐹′𝐹 = 𝐼 , where Ik is the identity matrix. 
Α2.Matrix    (
1
𝑁
) 𝛬′𝛬   is diagonal. 
 
Second set of constraints: 
Β1. The matrix  (
1
𝑇
) 𝐹′𝐹  is diagonal, meaning that the common components 
are orthogonal, having: 
 
B2. The matrix (
1
𝑁
) 𝛬′𝛬 = 𝛪 
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The above constraints impose k2 restrictions to the initial model, making 
possible the identification of F and Λ. In this dissertation, the first set of 
constraints has been used. 
 
For the estimation of the parameters of the factor model, the proposition of Stock 
& Watson (1998, 2016) has been followed. The principal components estimation 
is used for the normalization of factors F. Under the principal components 
estimation, the Λ columns are becoming orthogonal.  
 
In the estimation of the components of the problem, factor models are used. The 
main concern of the estimation is the derivation of consistent slope estimates. In 
the model of this dissertation, the variables of Day-ahead price, load and RES 
injection have been used. Based on the literature review, the assumption that 
could be drawn is that there are factors that simultaneously affect load and RES 
(latent factors exist), and also there is possible correlation between price 
residuals and loads, so the problem of endogeneity arises. Also seasonal and 
other deterministic patterns are present. For example, seasonal weather patterns 
affect at the same time load and RES injection. Furthermore, indicators of the 
economic activity, such as business cycles (economic boom and busts) and 
consumption patterns. So, the main concern is the possible correlation among 
individual regressor variables (known as explanatory variables). That means that 
there is a serious probability that the OLS estimates are going to be biased and 
inconsistent (Pesaran,2006) (Thomaidis et al.  2019). To eliminate it we use the 
PCA method. PCA is used in factor models, when there is the suspicion of 
multicollinearity in explanatory variables. PCA is used to transform them into 
uncorrelated ones. By principal components we are referring to the linear 
combinations of the original variables (Brooks, Introductory econometrics into 
Finance, 2008). E.g. for the first principal component: 
 
𝑃1 = 𝑎11𝑋1 + ⋯ + 𝑎1𝑘𝑋𝑘 
 
In the above equations the sum of squared α coefficients must equal 1. 
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In addition, PCA assists us to estimate the number of common factors, the time 
trajectories of common components and the factor loadings. The steps that are 
used are the following: First, the covariance matrix, with dimension NxN must be 
calculated, secondly the eigenvectors and the eigenvalues of the 
variance/covariance matrix should be estimated. The eigenvalues, compose a 
diagonal matrix L, with the diagonal elements of the matrix (being the 
eigenvalues) arranged in a descending order. The eigenvectors compose a 
square matrix W, whose columns correspond to their respective eigenvalues. 
Based on the percentage of variance that the constructed model should explain, 
a certain number of eigenvalues and eigenvectors must be selected, Lk and Wk 
respectively. For the estimation of the factor loadings Λ and the factors F the 
following formulas are used, for the satisfaction of the first set of constraints: {X 














The estimated values of the common component are given by the formula: 
𝑆∗,𝑖 = 𝐹𝛬𝜄,∗ 
 
3.3 Analysis of variance and number of factor chosen 
 
After transforming the initial variables to uncorrelated ones, it is possible to 
calculate the total variance of each variable, that is composed by its systematic 
part, that is explained by the factor model, and by its idiosyncratic part. The former 
one is equal to the sum of squared loadings factor, while the latter on is the 
difference between the total variance and its systematic component. 
𝑉𝑎𝑟(𝑋𝑖) = 𝑉𝑎𝑟(𝑆𝑖) + 𝑉𝑎𝑟(𝑒𝑖) 
 




12 + ⋯ + 𝜆
2
1𝜅    and    𝑉𝑎𝑟(𝑒𝑖) = 𝑉𝑎𝑟(𝑋𝑖) − 𝑉𝑎𝑟(𝑆𝑖) 
 
In order to choose the optimal number of factor in the model there are three 
methods. The first method, is to keep the first k factors that explain a certain 
percentage of variance in our model. The second method is by using a screeplot. 
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The third method is by using information criteria to choose the optimal number of 
factors. Such an information criterion is that of Bai and Ng (2002). The optimal 
number of factors at the final model is when the IC is minimized. 







According to Thomaidis et al. (2018), the information criterion of Bai and Ng 
(2002), especially when the error terms are possibly correlated, presents an 
upward trend. For that reason, the two first methods, that of screeplot and that of 
percentage of explained variance will be used. 
 
 
3.4 Specifications for this model. 
 
The model for this dissertation will have one fundamental pricing model for every 
one of the 24 hours. P denote price for hour t, l denotes load, e the error terms 
and Ft the common risk factors that affect the whole panel. 
𝑃𝑡𝑖 = 𝜆𝜄1𝐹1𝑡 + 𝜆𝜄2𝐹2𝑡 + ⋯ + 𝜆𝜄𝑘𝐹𝐾𝑡 + 𝑒𝑡𝑖
𝑝
 
𝑙𝑡𝑖 = 𝜆𝜄2𝐹1𝑡 + 𝜆𝜄2𝐹2𝑡 + ⋯ + 𝜆𝜄𝑘𝐹𝐾𝑡 + 𝑒𝑡𝑖
𝑙  
𝑅𝐸𝑆𝑡𝑖 = 𝜆𝜄1𝐹1𝑡 + 𝜆𝜄1𝐹2𝑡 + ⋯ + 𝜆𝜄1𝐹𝐾𝑡 + 𝑒𝑡𝑖
𝑅𝐸𝑆 
 
Let’s assume that there is only one common risk factor, the factor model 
expressed as a regression model could be written as follows: 
𝜆𝜄2𝜆𝜄3𝛲𝑡 = 𝜆𝑖1𝜆𝑖2𝜆𝑖3 𝐹𝑡 + 𝜆𝑖2𝜆𝑖3𝑒𝑡
𝑃 
𝜆𝜄1𝜆𝜄3𝑙𝑡 = 𝜆𝑖1𝜆𝑖2𝜆𝑖3 𝐹𝑡 + 𝜆𝑖1𝜆𝑖3𝑒𝑡
𝑙 
𝜆𝜄1𝜆𝜄2𝑅𝐸𝑆𝑡 = 𝜆𝑖1𝜆𝑖2𝜆𝑖3 𝐹𝑡 + 𝜆𝑖1𝜆𝑖2𝑒𝑡
𝑅𝐸𝑆 
 
=> 𝜆𝜄2𝜆𝜄3𝛲𝑡 = 𝜆𝑖1𝜆𝑖3 𝑙𝑡 + 𝜆𝑖2𝜆𝑖3𝑅𝐸𝑆𝑡 + 𝑒′𝑡 
 
Where            𝑒′𝑡 = 𝜆𝑖2𝜆𝑖3𝑒𝑡
𝑃 − 𝜆𝑖1𝜆𝑖3𝑒𝑡
𝑙 − 𝜆𝑖2𝜆𝑖1𝑒𝑡
𝑅𝐸𝑆   




) 𝑙𝑡 + (
𝜆𝑖1
𝜆𝑖3
) 𝑅𝐸𝑆𝑡 + 𝑒′𝑡/(𝜆𝑖2𝜆𝑖3  ),  where 𝜆𝑖2, 𝜆𝑖3 ≠ 0   
 
 





At this sections, the descriptive statistics of our data are going to be given. The 
descriptive statistics are for the countries of Greece, Italy, Sweden, France and 
Germany. They include the day-ahead prices, the forecasted loads and RES 
injections. 
 
4.1 Descriptive statistics for Greece 
 
For the country of Greece, data have been collected for the period for 
January 1st 2015, till October the 6th 2020. The collected data, has an hourly 
frequency. Three are the categories of variables, that data have been 
collected, Day-ahead prices, forecasted load and the forecasted injections 
of electricity produceδ by renewable energy resources. The total number 
of days that our analysis includes is 2004, since days with even one 
missing variables have been eliminated. The total number of observations 




4.1.1. Descriptive statistics of Day-ahead electricity prices, forecasted 
loads and RES injections of Greece. 
 
 
A brief interpretation of the fundamental statistical measures for each of the 
hourly Day—ahead prices are contained in Table 1.  For a better approximation 
of the average price of electricity for every hour, median is preferred from mean. 
It is observed, that the average price for the majority of hours is close to 50euros/ 
MWh. The time blocks, that have the highest average prices are from 7am-9 am 
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and from 17 pm-19 pm, having average prices for both periods close to 53 
euros/MWh. In addition to that, the latter time block has the highest variance, 
while at the same time, the maximum prices are observed at the same time block, 
with 299 euros/MWh, respectively. According to the regulatory framework, if the 
Day-ahead price reaches 300 euros/MWh, the trading halts. Moreover, a 
common characteristic of this time block is that its minimum price is always 
greater than 0 euros/MWh, in contrast with the other individual time blocks that 
have a minimum price of zero, implying that there is enough demand for electricity 
during these hours, that producers find it economically feasible to make supply 
offers. It is also worth mentioning, that the aforementioned time blocks, have quite 
positive skewness, close to 3, meaning that most of the prices are lower 
compared to the mean one. The other time blocks, have skewness close to 0. 
Finally, the same time block (17pm – 19pm), has the highest kurtosis, more the 




Descriptive statistics of the forecasted load are given at Table 2. The highest 
loads are observed at the following two time blocks. The first one, from 9am-
11am, and the second from 17pm-19pm, with values close to 6500 and 6700 
MW, respectively, having also the highest variances. The highest maximum 
values during the period of research that are close to 970 and 940 MW, 
respectively, are observed at the aforementioned time periods. All time blocks 
have skewness close to zero, and kurtosis close to three, approximating normal 




Lastly, Table 3 show the statistics for the RES injections, For the case of Greece, 
there are two time blocks. The first one in that, which is 7am- 16pm, and the 
second one from 17pm-6am. The first one is characterized by higher levels of 
renewable energy production, caused by the weather of Greece, that is sunny 
and makes it ideal for exploitation for energy purposes. The second category has 
lower values, with energy produced by wind power installations. Renewable 
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energy resources have an intermittent nature. That is the reason that the former 
time block has higher variances, because they are productive only during day-
hours, having variances close to 320MW. On the other hand, wind energy is lower 
during day-hours compared to night-hours, but it is not absent, as solar power is 
during night. The maximum values observed are close to 3000MW, observed 
during summer, and the lowest close to 300MW for solar power and by extent for 
the first time block. The highest values for the second time block, that is 
dominated by wind power production, has highest values during winter, that are 
close to 2100MW, and the lowest are close to 40MW. It is important to mention, 
that the production of electricity from renewables is analogous to the installed 
capacity of photovoltaic panels and wind turbines production facilities, meaning 
that could be increased with additional investments on such infrastructure. The 
first time block, dominated by solar energy production, have some hours with 
leptokurtic (kurtosis greater than 3) and some platykurtic (kurtosis lower than 3), 
while the skewness for some hours approximate that of normal distribution (close 
to 0) and for some others are moderately skewed (close to 1). The second time 
block, have skewnesses close to 1, making it moderately skewed, while the 
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Table 1 : Descriptive  statistics for the hourly Day-Ahead electricity prices in Greece 2015-2020  
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Figure 1: Surf plot of the Greek Day-ahead electricity prices 2015-2020 
 




Table 2: Descriptive  statistics for the Hourly Forecasted Load Values in Greece 2015-2020 




































































































































































































































































































































































































osis 3,5 3,1 3,1 3,3 3,2 2,7 2,7 2,7 2,6 2,7 2,8 2,9 3,0 3,1 2,7 2,5 2,3 2,2 2,4 2,5 2,4 2,5 2,7 3,2 3,5 
Ske
wne
ss 0,9 0,7 0,7 0,7 0,6 0,1 0,0 0,0 0,2 0,3 0,5 0,5 0,6 0,6 0,5 0,4 0,3 0,2 0,2 0,2 0,2 0,4 0,5 0,7 0,9 
Figure 2: Surf plot of the Greek Forecasted load values 2015-2020 
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Table 3: Descriptive  statistics for the Hourly RES injections in Greece 2015-2020 


































































































































































































































































































































































0 90,0 80,0 80,0 70,0 50,0 40,0 30,0 30,0 40,0 
Kurt
osis 3,6 3,5 3,4 3,4 3,3 3,3 3,2 3,4 3,6 3,6 3,5 3,4 3,2 3,0 2,8 2,7 2,8 3,0 3,4 3,7 3,7 3,8 3,8 3,6 3,6 
Ske
wne
ss 1,0 1,0 1,0 1,0 0,9 0,9 0,9 0,9 0,9 0,8 0,6 0,5 0,5 0,4 0,3 0,3 0,4 0,6 0,9 1,0 1,1 1,1 1,1 1,1 1,0 
 
Figure 3: Surf plot of the Greek RES injections 2015-2020 
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4.2. Descriptive statistics for Italy 
 
For the country of Italy, data have been collected for the period from January 1st 2015, 
till October the 6th 2020. The collected data, has an hourly frequency. Three are the 
categories of variables, that data have been collected, Day-ahead prices, forecasted 
load and the forecasted injections of electricity produceδ by renewable energy 
resources. The total number of days that our analysis includes is 2040, since days 
with even one missing variables have been eliminated. The total number of 
observations for each one of the three variables is 48960, and in total for all the three, 
is 146880. 
 
4.2.2. Descriptive statistics of Day-ahead electricity prices, forecasted loads and 
RES injections of Italy. 
 
 
The fundamental statistics of Italian electricity prices are presented in Table 4. The 
time blocks with the highest average prices are 7am-8am and 16 pm-20pm, that 
have prices close to 53 and 60 euros/MW. All the other time blocks have average 
prices that range from 40 to 46 euros/MW. The time blocks that have the highest 
average prices have also and the highest variances reaching 330 and 360, 
respectively. The maximum prices observed also belong to the latter time block, 
being at 175 euros/MW at 17pm. Almost all individual time blocks have maximum 
prices higher than 100 euros. The minimum prices, reach as low as 0 euros for some 
hours, meaning that there are no supply offers for that time periods on certain days, 
while the time blocks with the highest average prices, also experience load realities 
that make it economically feasible for independent producers to make supply offers. 
For example, the minimum observed price for the time block, 16pm-20pm is close 
to 20 euros. All individual time periods/blocks, have a leptokurtic distribution, 
showing the existence of extreme and outlier values. The 16pm-20pm time block 
have kurtosises close to 6. In addition to that, skewness measure shows for all 
individual time blocks, moderately positive skewness. 
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Table 5 presents the forecasted load values for Italy. The time blocks with the 
highest average load values are 8am-10am and 14pm-18pm. For the other 
individual time blocks loads vary from 2500MW to 3900MW, lower compared to the 
aforementioned time blocs with load close to 4350 and 4200 MW respectively. The 
time blocks with the highest load values have also the highest variances, and by 
extent the highest standard deviations, that reach as high as 830 and 860MW 
sequentially, the maximum loads are observed during winter months. All individual 
time blocks have maximum loads close to 4000MW, much lower compared to the 
two time blocks aforementioned, that maximum loads peak at 6050 and 6250 MW 
respectively. The minimum observed loads are found within a range from 1390 to 
2330 MW, having at the right end of the range the minimum prices at the time blocks 
with the highest average demand. Most of the individual time blocks have kurtosis 
that range from 2 to 3, showing platykurtic or normal kurtosis, implying absence of 
many extreme values, while skewness is zero or negative and close to zero, 
showing a distribution approximating normality. 
 
Lastly for Italy, Table 6, presents the RES injections. Once again, the highest 
average injections are during day-hours, from 7am-16pm, ranging from 294MW 
890MW, which is its peaking value. All the other individual time blocks, have quite 
low values, reaching as low as 12MW, showing the low capacity of installed wind 
turbines. Naturally day-hour blocks have the highest variances and by extent 
standard deviations, that range from 200 to 300, for the day-hours block. The 
maximum observed injections are observed during the day-hour time block, and 
especially during summers months, that have naturally higher solar load. Minimum 
injections, are obviously zero for the day-hours caused by the absent of solar energy 
and also zero for night-hours block, when weather conditions prohibit the operation 
of wind turbines. The kurtosises for day-hour time blocks range from 1.5 to 2.4, 
showing platykurtic distribution, while for night-hour blocks show a leptokurtic 
distribution, implying the existence of extreme values. Closing, for the latter time-
blocks our data are highly skewed and for the former time-blocks our observations 
approximate the normal distribution. It is worth mentioning that, by looking at figure 
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Table 4:Descriptive  statistics for the hourly Day-Ahead electricity prices in Italy 2015-2020 



































































































































































































































































































































s 4,25 4,07 4,12 3,77 3,84 3,89 4,22 4,69 4,84 6,00 5,13 4,85 5,12 4,53 5,09 5,07 5,14 5,18 6,75 5,98 5,74 6,24 5,79 6,07 4,25 
Skewn
ess 0,50 0,42 0,40 0,30 0,29 0,29 0,41 0,53 0,75 0,94 0,72 0,65 0,58 0,35 0,55 0,65 0,75 0,97 1,18 0,96 0,85 0,80 0,67 0,61 0,50 
 
Figure 4: Surf plot of the Italian Day-ahead electricity prices 2015-2020 
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Table 5: Descriptive  statistics for the Hourly Forecasted Load Values in Italy 2015-2020 




































































































































































































































































































































































































osis 3,3 3,2 3,1 3,1 3,0 2,9 2,4 2,2 2,2 2,2 2,2 2,2 2,3 2,3 2,1 2,1 2,1 2,2 2,3 2,5 2,7 2,9 3,2 3,4 3,3 
Ske
wnes
s 0,1 0,1 0,1 0,0 0,0 -0,1 -0,4 -0,5 -0,6 -0,5 -0,5 -0,4 -0,3 -0,3 -0,3 -0,4 -0,4 -0,3 -0,3 -0,4 -0,4 -0,3 -0,1 0,0 0,1 
 
Figure 5:Surf plot of the Italian Forecasted load values 2015-2020 
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Table 6: Descriptive  statistics for the Hourly RES injections in Italy 2015-2020 




































































































































































































































































































































































































Figure 6: Surf plot of the Italian RES injections 2015-2020 
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4.3 Descriptive statistics for Sweden 
 
For the country of Sweden, data have been collected for the period for January 1st 2015, 
till October the 6th 2020. The collected data, has an hourly frequency. Three are the 
categories of variables, that data have been collected, Day-ahead prices, forecasted 
load and the forecasted injections of electricity produceδ by renewable energy 
resources. The total number of days that our analysis includes is 2095, since days with 
even one missing variables have been eliminated. The total number of observations for 
each one of the three variables is 50280, and in total for all the three, is 150840. 
 
4.3.1. Descriptive statistics of Day-ahead electricity prices, forecasted 
loads and RES injections in Sweden. 
 
The descriptive statistics of Day-ahead prices for Sweden are presented in Table 7. The 
average prices for every individual time block are quite lower compared to other 
countries. For Sweden, based on the data, there are two time-blocks for prices. The first 
one is from 6am to 20pm and the other block from 21pm to 5am. The former block has 
average prices close to 33 euros/MW and the latter one close to 27 euros/MW. The first 
time block has higher standard deviation, close to 15 compared to the second one with 
standard deviations at exactly 11. Another important difference among the two time-
blocks, is found in observed maximum prices. The maximum prices of the former block 
are as high as 200 euros/MW, while that of the latter range from 60 to 80 euros. 
Regarding the lowest prices, for all 24 individual time blocks are close to one or zero. 
Continuing with the kurtosises, it is obvious that the day-hour present a leptokurtic 
distribution, implying heavy tails, while the night-hour blocks have a platykurtic 
distribution, implying thinner tails. Finally, the night-hour block has shewnesses equal to 
zero, approximating normal distribution, while day-hour blocks are highly skewed. 
 
 
Continuing the interpretation of Swedish electricity market, in Table 8, forecasted load 
statistics are presented. Once again, the day-hour blocks, containing the hours of 6am-
19pm, have on average the highest loads, close to 10400MW, while the second/night-
hour block has on average loads that range from 8220MW to 9500MW. The variances 
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and by extent the standard deviations of all individual time blocks are within a range of 
1800 to 2000 MW. Regarding the maximum observed load values for each hour, all of 
them are close to 15000MW (+-1000). Once again, the difference among the two large 
hour-blocks is obvious at observed minimum load values. The day-hour time block has 
quite higher minimum values (at 6600MW), while the night-hour blocks significantly 
lower (at 5500MW). Finishing, skewness shows that the distribution of loads is 
symmetric for all individual time blocks, while at the same time is also platykurtic. 
 
 
The statistics of the RES injections are given at Table 9. Sweden, because of its 
geographic position, finds it economic feasible to exploit only wind though wind turbines, 
in order to produce electricity. From the Table 9, it is obvious that average injection for 
each individual time block is quite uniform, being approximately at the level of 600MW.  
Proceeding with the interpretation, all of the variances, and by extent the standard 
deviations are approximately close to 500MW. Also, it is worth mentioning, that the 
observed maximum and minimum injections, exhibit a remarkable uniformity, since the 
maximum observed injections for all individual time blocks are close to 2500MW and the 
minima are close to 30ΜW. In addition to that the measures of normality of data are the 
following. For kurtosis, all of the kurtosises are close to 3, implying normal distribution, 
while the skewnesses are 1, exhibiting a highly skewed distribution. From Figure 9, it is 
obvious that during the last 2 years, Sweden have installed additional wind power 
infrastructure, increasing their total capacity. A feature that is worth noting is the quite 
homogenous distribution of RES production throughout the day. That is caused by the 
geographic position, between Baltic sea and North sea, of   Sweden  and by the 
placement of its wind turbines .






Table 7: Descriptive  statistics for the hourly Day-Ahead electricity prices in Sweden 2015-2020 



























































































































































































































































































































































2 3,22 3,05 2,90 2,81 2,76 
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0,03 0,00 1,51 2,32 1,96 1,35 1,30 1,48 1,32 1,18 0,46 1,55 1,96 1,37 1,04 0,12 0,03 
-
0,02 0,01 0,03 
 
Figure 7: Surf plot of the Swedish Day-ahead electricity prices 2015-2020 
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Table 8: Descriptive  statistics for the Hourly Forecasted Load Values in Sweden 2015-2020 


































































































































































































































































































































































































is 2,2 2,2 2,2 2,2 2,1 2,1 2,2 2,2 2,3 2,3 2,3 2,3 2,3 2,3 2,3 2,2 2,1 2,1 2,0 2,0 2,1 2,1 2,2 2,2 2,2 
Skewn
ess 0,4 0,4 0,4 0,3 0,3 0,3 0,2 0,2 0,2 0,2 0,3 0,3 0,3 0,3 0,3 0,4 0,4 0,4 0,3 0,3 0,2 0,3 0,3 0,4 0,4 
 
Figure 8: Surf plot of the Swedish Forecasted load values 2015-2020 
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Table 9: Descriptive  statistics for the hourly RES injetions in Sweden 2015-2020 













































































































































































































































































































































Min 33,0 33,0 33,0 36,0 37,0 41,0 39,0 29,0 23,0 18,0 19,0 19,0 22,0 22,0 24,0 25,0 25,0 26,0 28,0 37,0 40,0 43,0 43,0 40,0 33,0 
Kurtosi
s 3,4 3,5 3,5 3,5 3,5 3,4 3,4 3,4 3,4 3,3 3,3 3,3 3,2 3,2 3,1 3,1 3,1 3,1 3,2 3,3 3,3 3,4 3,5 3,5 3,4 
Skewn
ess 1,0 1,0 1,0 1,0 1,0 1,0 1,0 1,0 1,0 1,0 1,0 1,0 1,0 0,9 0,9 0,9 0,9 0,9 0,9 0,9 1,0 1,0 1,0 1,0 1,0 
 
Figure 9: Surf plot of the Swedish RES injections 2015-2020 
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4.4 Descriptive statistics for France 
 
For the country of France, data have been collected for the period for January 1st 2015, 
till October the 6th 2020. The collected data, has an hourly frequency. Three are the 
categories of variables, that data have been collected, Day-ahead prices, forecasted load 
and the forecasted renewable energy injections. The total number of days that our 
analysis includes is 2060, since days with even one missing variables have been 
eliminated. The total number of observations for each one of the three variables is 49440, 




4.4.1. Descriptive statistics of Day-ahead electricity prices, forecasted loads 
and RES injections in France. 
 
The fundamental statistical measures of the Day-ahead electricity prices of the French 
electricity market are exhibited at Table 10. For France, the twenty-four individual time 
blocks, could be divided into two categories, one with average prices above forty euros 
per MW and the other one below forty. Having said that, to the first category belong time 
blocks from 6am-11am, and from 16pm-21pm, with average prices that approximate 43 
and 44, respectively. The rest of the individual time blocks have average prices that vary 
from 26 to 38 euros/MW. The former group, has also the highest variances and by extent 
higher standard deviations that are close to 20 (euros), while the remaining time blocks 
have standard deviations close to 12. In addition, the first group has higher maximum 
observed prices, that are close to 120euros/MW, while the second group has maximum 
prices close to 100.  An important observation, is the maximum prices found at 17pm and 
18pm individual time blocs, that are 871 and 424 euros, respectively. These high prices 
are due to the disruptions in production from nuclear power plants. Regarding the 
observed minimum prices, it is worth mentioning the existence of negative prices, that 
went in some cases as low as -6.7 euros/MW, meaning that producers found it optimal to 
pay other to take their produce, rather than shutting down the factories. Continuing with 
kurtosises, all individual time blocks has a leptokurtic distribution, while most of the hours 
have highly skewed distribution. 
 




The results for the forecasted load of France, are given at Table 11. The highest loads 
are observed among the time blocks from 6am to 22pm, and on average they are close 
53500MW, while the remaining time blocks have average loads below 50000MW. The 
variances and by extent the standard deviations, exhibit a kind of uniformity, being around 
11000MW. Regarding the maximum prices, the highest of them, above 90000MW, are 
observed at the time blocks with the highest average prices, while the rest of them have 
maximum load close to 85000MW. On the other hand, the minimum observed prices for 
all time-blocks approximate 33000MW. Continuing, the kurtosises exhibit that the 
distribution of load values for each hour is platykurtic, implying thinner tails for the 
distribution. Closing, the data is moderately skewed.  
 
 
The last table for France is Table 12, containing the statistics for RES injections. The 
higher average injections are observed during day-hour, that on average are close to 
5500MW, reaching as high as 6500MW. The night-hour blocks are on average close to 
3000MW. That happens, because the general level of RES is increased with the solar 
power. The variances and the standard deviations, naturally are higher for day-hours, 
approximating 2500MW, while for night-hours are close to 2100MW. The maximum prices 
for day-hours are above 17000MW, and for night hours are close to 14000MW. The 
minimum observed prices are for the former group close to 750MW and for the latter one 
close to 360MW. All the individual time blocks have a leptokurtic distribution, implying the 
existence of heavy tails, while also show that the distribution is highly skewed. 





Table 10: Descriptive  statistics for the hourly Day-Ahead electricity prices in France 2015-2020 
 0 1  2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 
Mean 36,6 33,1 31,0 28,2 27,3 29,9 36,1 43,2 46,3 46,4 44,9 44,1 42,8 40,6 38,6 37,6 38,3 43,0 50,0 51,0 47,1 43,1 43,3 40,4 36,6 




















































Std 13,0 12,4 12,1 12,0 12,0 12,5 15,3 19,5 20,7 19,6 18,8 18,0 16,9 17,2 17,8 18,2 18,3 20,2 39,0 22,4 16,6 14,0 13,0 12,6 13,0 
Range 
101,








































































































32,6 2,5 5,5 8,1 9,1 10,4 7,9 0,0 
Kurtosis 3,8 3,5 3,5 3,5 3,5 4,0 4,2 8,2 10,2 6,7 5,3 4,7 4,1 4,2 4,4 5,3 5,1 6,7 
263,
5 49,5 4,8 3,4 3,6 4,2 3,8 
Skewness 0,6 0,5 0,5 0,3 0,2 0,3 0,4 1,1 1,4 1,0 0,8 0,7 0,6 0,5 0,4 0,3 0,6 1,2 13,3 3,9 0,9 0,6 0,6 0,7 0,6 
 
Figure 10: Surf plot of the French Day-ahead electricity prices 2015-2020 
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Table 11: Descriptive  statistics for the Hourly Forecasted Load Values in France 2015-2020 






































































































































































































































































































































































































Kurto 2,4 2,4 2,4 2,4 2,4 2,4 2,3 2,3 2,4 2,4 2,5 2,6 2,6 2,7 2,7 2,7 2,7 2,6 2,4 2,2 2,2 2,4 2,5 2,5 2,4 
Skew
ness 0,7 0,7 0,7 0,7 0,7 0,7 0,6 0,5 0,4 0,4 0,5 0,5 0,6 0,6 0,5 0,5 0,5 0,6 0,6 0,6 0,6 0,6 0,7 0,7 0,7 
 
Figure 11:Surf plot of the French Forecasted load values 2015-2020 
 




Table 12:Descriptive  statistics for the hourly RES injections in France 2015-2020 













































































































































































































































































































































Min 394 370 375 380 386 370 356 430 401 462 430 789 718 764 799 800 829 372 359 310 350 395 379 334 394 
Kurto 6 6 6 7 7 7 7 7 7 6 6 6 5 5 5 4 4 4 5 6 6 6 6 6 6 
Skewn
ess 2 2 2 2 2 2 2 2 2 2 2 1 1 1 1 1 1 1 1 1 2 2 2 2 2 
Figure 12: Surf plot of the French RES injections 2015-2020 




4.5 Descriptive statistics for Germany 
 
 
For the country of Germany, data have been collected for the period from January 
1st 2015, till October the 6th 2020. The collected data, has an hourly frequency. Three 
are the categories of variables, that data have been collected, Day-ahead prices, 
forecasted load and the forecasted injections of electricity produced by renewable 
energy resources. The total number of days that our analysis includes is 2021, since 
days with even one missing variables have been eliminated. The total number of 
observations for each one of the three variables is 48504, and in total for all the 




4.5.1. Descriptive statistics of Day-ahead electricity prices, forecasted 
loads and RES injections in Germany. 
 
 
The descriptive statistics for the German electricity can be found at Table 13. The 
German electricity market, can be split up into to general groups. The first one, 
contains the individual time blocks from 6am-10am and 16pm-19pm with average 
prices close to 40 and 41 euros respectively. The second group contains the 
remaining time blocks, with average prices that range from 25 to 35 euros. 
Proceeding with the analysis of variances and standard deviations, the first group 
displays higher ones, that approximate 18, compared to the second one that are 
close to 11 euros. In addition to that, the highest prices are observed from 6am to 
19pm, peaking at 18pm at 200 euros/MW. The remaining time blocks have 
maximum prices close to 65 euros. Germany is the only country that experiences 
negative prices, as minimums, at every single time block, meaning that the supply 
at some periods of time is such, that over satisfies the demand, forcing the 
producers to pay others, in that case neighboring countries, to accept the surplus 
volume. The minimum prices at some cases as low as -100 euros. Finally, the 
distribution of the data for every hour is leptokurtic, and the data are highly skewed. 





Table 14, presents the statistics for the forecasted load for Germany. To begin with, 
all individual time block, have average load above 50000MW, with some, like at 
11am and 12am, being close to 60000MW. The time blocks that have the lowest 
loads, below 50000MW, are from 1am to 5am, that are on average close to 
45000MW. The variances and the standard deviations for all time blocks, are quite 
close among the individual time blocks, and range from 10000MW to 13000MW. For 
the maximum observed prices, all time blocks have maxima close to 80.000MW, 
with some reaching as high as 95000MW (at 7am). Regarding the minimum loads, 
there are no significant differences, since most of them approximate 33000MW. The 
exceptions to this rule, are found at time blocks 22pm to 00am, where minimum 
loads are closer to 40000MW. Continuing with the kurtosises, all of the time blocks 
have platykurtic distributions, implying the absence of many extreme values, while 
at the same time are moderately skewed. 
 
 
The RES injections for Germany are included at Table 15. The highest average 
prices are observed during the day-hour, including some evening-hours. So, from 
6am to 20pm, injections above, on average, 60000MW, and in some hours, 
e.g.10am-12am approximate 70000MW. The hours with the lowest average 
injections are from 0am to 5am, that are close to 50000, while the lowest one of all 
is during 23pm, that is as low as 10000MW. The time blocks with the highest 
injection values has also the highest standard deviations, that are approximately 
10000MW, while the low injection hours have standard deviations close to 6500MW. 
Continuing, the hours with the highest average injections, have the maximum 
observed injections that are reaching as high as 86000MW, while the minimum 
injections are found at the 23pm block, that are as low as 563MW. Last but not least, 
both kurtosises and skewnesses, are approximating the normal distribution, with 
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Table 13: Descriptive  statistics for the hourly Day-Ahead electricity prices in Germany 2015-2020 
 0 1  2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 
Mean 28,2 26,2 24,9 24,2 24,6 26,6 32,6 39,0 41,0 39,1 36,8 35,7 33,2 31,3 30,5 31,8 33,9 39,3 43,0 44,5 41,2 37,3 35,4 30,5 28,2 






















































































































































































Kurtosis 9,1 9,4 10,3 9,9 10,4 12,1 11,1 8,9 8,4 9,0 9,1 10,0 11,1 11,9 12,7 10,6 9,3 7,3 8,4 14,6 7,0 5,5 5,9 12,6 9,1 
Skewness -1,1 -1,3 -1,5 -1,4 -1,4 -1,5 -1,4 -0,5 -0,4 -0,3 -0,3 -0,6 -1,0 -1,4 -1,6 -1,1 -0,5 0,6 1,0 1,7 0,7 0,0 -0,2 -1,3 -1,1 
 
Figure 13: Surf plot of the German Day-ahead electricity prices 2015-2020 
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Table 14: Descriptive  statistics for the Hourly Forecasted Load Values in Germany 2015-2020 






































































































































































































































































































































































































Kurto 2,4 2,4 2,4 2,4 2,4 2,4 2,3 2,3 2,4 2,4 2,5 2,6 2,6 2,7 2,7 2,7 2,7 2,6 2,4 2,2 2,2 2,4 2,5 2,5 2,4 
Skew
ness 0,7 0,7 0,7 0,7 0,7 0,7 0,6 0,5 0,4 0,4 0,5 0,5 0,6 0,6 0,5 0,5 0,5 0,6 0,6 0,6 0,6 0,6 0,7 0,7 0,7 
Figure 14: Surf plot of the German Forecasted load values 2015-2020 
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Table 15: Descriptive  statistics for the hourly RES injections in Germany 2015-2020 































































































































































































































































































































































































Kurto 3 3 3 3 3 3 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 3 3 4 
Skewn
ess 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 
 
Figure 15: Surf plot of the German RES injections 2015-2020 
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    5. Empirical Results 
 
The results of the empirical analysis concerning the five countries that are analyzed in 
order to find out the fundamental factor that in the long run affect the most the day-ahead 
electricity prices. The countries are Greece, Italy, Sweden, France and Germany. The 
period of research starts from January 1st 2015 and end at October 6th 2020. One 
important parameter of our analysis is that we work with centralized prices, and not with 
returns for reason that are going to be explained later on. To conduct the analysis, have 
been used the day-ahead prices, the forecasted hourly loads and the forecasted 
renewables energy injection into the system. 
 
 
For each one of the countries, the analysis begins with some basic analysis for the level 
of loads and prices for each day of the week and for each month of the year, with the 
help of boxplots. After that, the synthetic panel data are constructed. Then, the loading 
and the factors of the factor model are found with the help of principal components 
estimations, the results of which, the found eigenvalues and eigenvectors are presented 
in tables. Later on, we extract the number of common factors that can explain more than 
80% of the total variation of our data. Then, we derive the idiosyncratic components of 
each one of the variables. Continuing, an interpretation of the loading factors is given 
combined with remarks about their nature. Timeplots of the estimated factors will be 
given, in an attempt to explain if there are some fundamental factors drive, and at what 
degree, the variables are explained by them when plotted together. The last part of the 
analysis, is going to be an attempt to find if the prices and loads are characterized by 
dependence to their past values. 
 
 
The analysis, was conducted at the level of centralized prices on not that of returns for 
the following reasons. First of all, Day-ahead electricity prices can take negative prices, 
a property that is not found at any other financial asset, in which we work with returns. 
Also, the analysis is conducted with prices, even for countries that do not experience 
negative prices for the reason on maintaining and not “masking” some interesting 
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properties of prices (Karakatsani and Bunn,2008).  An alternative proposition was 
formulated by Delagarde (2018), that proposed to offset the negative prices by adding 
to them offset values, a move that could create distortions if the added value is far from 
the mean, causing prices to “stack” together, creating difficulties to processes like for 
example, regime identification. A possible solution to the problem of negative prices, 
that was not used to this paper, is to use an inverse hyperbolic sine transformation, that 




5.1 Analysis for Greece 
 
The first country, that the results of the analysis are going to be presented is Greece. 
At Figure 16, with the help of boxplot are presented the Day-ahead prices for each day 
of the weekdays during the period of our analysis. Based on the data, it is obvious that 
the general price level of the day-ahead market is relatively steady during working 
days, having median values close to 38 euros/MWh. From the Figure 16, is obvious 
the existence of many outliers (marked with red crosses), especially during working 
days(seasonality). At the same figure, also it is possible to draw the conclusion that 
the electricity prices are lower during weekends, an especially at Sundays, that the 
median price is as low as 30 euros/MWh, exhibiting simultaneously quite a few extreme 
values. The reason for the lowest prices during weekends, is the absence of intensive 
economic activity, causing a decline to the total demand and consumption of electricity. 
Figure 16: Greece: Boxplot of the weekday day-ahead electricity prices 2015-20 
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Figure 17: Greece Monthly boxplot of day-ahead electricity prices 2015-20 
 
Proceeding with the analysis, Figure 17, exhibits the monthly boxplots of Greek day-
ahead electricity prices. From the above figure, the following conclusions could be 
drawn. First of all, that the average (median) day-ahead prices for most of the months 
are close to 50 euros/MWh. Also that during the winter months, the prices are higher 
compared to the summer ones. Especially during January, we observe the highest 
median prices of all months, while the lowest price is observed at April, that is close to 
48 euros/MWh. In addition to that, the higher number of outlier prices, both above and 
below median, are observed during the spring months (seasonality). 
 
 
In order to have a better picture of the overall market condition, the same analysis is 
conducted for the loads and RES injections.  Figure 18, confirms the hypothesis, that 
during the weekdays, the total load is higher compared to the load during weekends 
and especially during Sundays. An additional verified conjecture is, that there is a 
relationship between day-ahead prices and total load, since the days with the higher 
electricity load have also higher electricity prices compared to the rest of the days. That 
observations can lead to the hypothesis that one of the factors that affect the electricity 
prices, is economic activity and by extent the demand for electricity. To further test this 
argument, analyze the loads by month of the year at Figure 19. 
 




Figure 18: Greece Weekday boxplot of Forecasted loads for 2015-20 
 
 
Figure 19: Greece Monthly boxplot of Forecasted loads for 2015-20.
 
At the above Figure 19, we can see that the electricity demand shows a seasonal 
pattern. The months with the highest load are January, July and December.  The 
seasonality of electricity load during these months is natural since July is the month 
with the highest temperature in Greece, so the use of air-conditioning increases the 
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electricity consumption, while January and December, the electricity load is increased 
because of heating devices and less day-light hours. The lowest electricity loads are 
observed during April, May and October, when the weather conditions are more 
temperate and the lighting needs are moderates. One point that needs further 
explanation, is the reason for which the July has not got the highest prices, sine it has 
by far the highest load. The reveal the reason, must be presented the RES injections 
through the months of the year. 
 
Figure 20: Greece Monthly boxplot of RES injections for 2015-20.
 
Figure 20, shows that summers months, have the highest RES injections into the 
system during the year. That happens cause the main renewable energy source in 
Greece comes from the solar energy. August is the month with the highest injections, 
followed by July and September. The above diagram sheds light on why electricity has 
a lower cost during summer and higher during winter, and that is the phenomenon of 
the merit-order effect. As it has been explained at the section of literature review, RES 
injections come with a priority into the system, moving to the right the supply curve 
(merit-order effect), causing a reduction at the general level of electricity prices. In the 
case of Greece, that happens during day-hours, hours that both load and RES 
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5.1.2 Factor analysis for the country of Greece. 
 
In order to reduce the dimension of our data we have used factor models. The number 
of factors that have been chosen is such, that explains more than 80% of the variance 
of our data. For the case of Greece, two factors have been chosen that explain-capture, 
85.78% of the total variance. 
 









66,88% 0,47% 0,04% 0,01% 
18,90% 0,33% 0,04% 0,01% 
6,08% 0,25% 0,03% 0,01% 
2,22% 0,15% 0,02% 0,01% 
2,11% 0,12% 0,02% 0,01% 
1,19% 0,10% 0,02% 0,00% 
0,90% 0,06% 0,01% 0,00% 
(The remaining 48 factors explain zero variance so they are not reported) 
 
Table 17: Eigenvalues of the Greek electricity market 
1-12 13-24 25-36 37-48 49-60 61-72 
1,37E+07 2,09E+04 1,30E+03 2,40E+02 5,04E+01 1,94E+01 
3,88E+06 1,13E+04 1,09E+03 2,06E+02 4,96E+01 1,55E+01 
1,25E+06 8,85E+03 8,52E+02 1,97E+02 4,42E+01 1,29E+01 
4,56E+05 7,77E+03 7,74E+02 1,84E+02 4,03E+01 4,52E+00 
4,32E+05 6,28E+03 6,42E+02 1,67E+02 3,54E+01 4,96E+00 
2,44E+05 4,20E+03 5,97E+02 1,45E+02 3,16E+01 5,33E+00 
1,84E+05 3,78E+03 5,20E+02 1,08E+02 2,80E+01 6,07E+00 
9,67E+04 3,11E+03 4,53E+02 9,48E+01 2,60E+01 1,09E+01 
6,73E+04 2,38E+03 4,15E+02 8,67E+01 2,59E+01 1,06E+01 
5,06E+04 1,95E+03 3,77E+02 7,53E+01 2,39E+01 9,05E+00 
2,99E+04 1,82E+03 3,06E+02 7,44E+01 2,16E+01 7,74E+00 
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Figure 21: Screeplot of principal components of Greece. 
 
 
By combining the information provided by Table 16 and Figure 21, it is evident that the 
two first components explain the majority of variance of the data, with the first 
component explaining 66.88% and the second one 18.9%. The remaining 70 
components explained less than 15% of the data variability. In addition to that, it has 
been examined, what percentage of each variable is explained by the two-factor model 
built, and what percentage of variance of each variable remains idiosyncratic.  
 













0 am 9,90% 90,10% 76,54% 23,46% 47,02% 52,98% 
1am 12,79% 87,21% 81,28% 18,72% 51,47% 48,53% 
2 am 12,34% 87,66% 82,33% 17,67% 56,03% 43,97% 
3 am 12,51% 87,49% 83,31% 16,69% 60,32% 39,68% 
4 am 13,47% 86,53% 87,97% 12,03% 63,80% 36,20% 
5 am 14,50% 85,50% 92,51% 7,49% 67,04% 32,96% 
6 am 14,58% 85,42% 81,46% 18,54% 75,49% 24,51% 
7 am 16,23% 83,77% 84,93% 15,07% 84,77% 15,23% 
8 am 18,15% 81,85% 90,59% 9,41% 88,71% 11,29% 
9 am 19,79% 80,21% 94,89% 5,11% 87,89% 12,11% 
10 am 21,90% 78,10% 95,02% 4,98% 86,86% 13,14% 
11 am 22,72% 77,28% 93,54% 6,46% 86,73% 13,27% 
12 pm 24,42% 75,58% 92,36% 7,64% 86,97% 13,03% 
13 pm 29,94% 70,06% 92,02% 7,98% 86,71% 13,29% 
14 pm 32,50% 67,50% 97,39% 2,61% 84,63% 15,37% 
15 pm 28,57% 71,43% 98,21% 1,79% 81,25% 18,75% 
16 pm 22,83% 77,17% 95,01% 4,99% 81,02% 18,98% 
17 pm 16,75% 83,25% 88,83% 11,17% 80,61% 19,39% 
18 pm 13,87% 86,13% 83,91% 16,09% 65,96% 34,04% 
19 pm 10,43% 89,57% 85,40% 14,60% 50,93% 49,07% 
20 pm 7,10% 92,90% 93,34% 6,66% 45,06% 54,94% 
21 pm 8,70% 91,30% 91,27% 8,73% 41,51% 58,49% 
22 pm 8,95% 91,05% 90,93% 9,07% 39,40% 60,60% 
23 pm 7,05% 92,95% 85,19% 14,81% 37,68% 62,32% 
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Table 18, provides some useful information in order to understand the ability of our 
model to explain the variance of each variable. To begin with, the factor model seems 
to be unable to explain, in general, the variability of prices. From 9am till16pm, it shows 
its highest percentages of explaining the variability of the day-ahead prices among 
these individual time blocks, while it peaks at 14pm, reaching as high as 32.5%. The 
lowest performance is shown during night-hours, from 20pm till 00am, where steadily 
explains less than 10% of the variability, and simultaneously, having as high as 93% 
of variability that is owed to idiosyncratic component(s). Secondly, the analysis 
proceeds with the individual hourly forecasted loads, and specifically the percentage 
of variance that is explained by the model. In this occasion, the two-factor model 
exhibits a remarkable ability at explaining the variability. To begin with, there are only 
one occasion that the models explains less than 80% of the variability, at 00am. Its 
best performance is observed from 4am-5am and from 8am-17pm, that the model 
explains more that 90%, especially at 15pm that peaks, explaining 98.21%. The 
conclusion that could be reached from this observation is, that one of the two factors 
is able to explain the variable of load, quite well. 
 
Finally, the two-factor model shows a binary behavior. Starting off, two general groups 
could be identified. The first one contains the individual hours from 18pm-6am, that the 
model is able to explain less than 80% of variability, reaching as low as 37.68% at 
23pm. The second group consists of the hours from 7am-17pm, that the components 
explain more than 80%, peaking at 8am at 88.71%. The conclusion from the above 
observation, it that this factor has features of an intermittent nature, and since the 
variables explained are RES injections, this factor is relevant to weather conditions. 
 
Figure 22: Worst performances of the models, centralized vs common component estimation. 
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Figure 22, which presents the demeaned values against the estimated ones by the 
common components, verifies the results and the conclusions drawn from Table 18, 
by showing the wrong estimations of the model. On the other hand, Figure 23, presents 
the best performances of the model, showing quite little differences among the 








5.1.3 Factors and Loading for the electricity market of Greece. 
 
In order to estimate the loading of each factor and the factors themselves, the method 
of principal components estimation has been used. The loadings indicate the degree 
at which the variable is exposed to each factor at each time period, while each one 
estimation of factor, shows the value of factor at that particular time. The conclusion 
that could be drawn from that part of the analysis, are, first and foremost, to show which 
factor affect which variable the most, and during which time period each variable is 
more exposed to each one of the factors. Moreover, the loading factors can assist at 
finding the existence of a factor that is a common source of convergence or divergence. 
 
 
   
57 
 
Figure 24: Timeplots of common factors against centralized Loads & CPI Greece. 
 
Figure 25: Timeplots of common factors against centralized RES & Average monthly temperature Greece. 
 
 
From the above Figure 24, the conclusions that could be drawn, are that factor one 
explains and affects forecasted loads for the Greek electricity market, since they have 
almost identical movement across time, showing also a seasonal pattern, since every 
180 days there are peaks that are followed by downward trends, something that shows 
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that almost every 6 months, conditions in the economy are such that make the 
forecasted load to peak. At the same figure, it could be seen, that the factor follows 
during time the same course as the CPI for the Greek economy. On the other hand, it 
is obvious from Figure 25, that factor 2 explains better the RES injections. Factor 2, 
shows a seasonal pattern, meaning that there are spikes-peaks and falls at fixed 
periods of time, showing a form of an intermittency in their behavior and nature. That 
means that the second factor is the temperature variations and/or weather conditions 
that affect the electricity production by renewable energy sources, that in the case of 
Greece, peak during sunny periods and fall when the day-hours or weather condition 
do not favor solar energy. To acquire a more precise picture of the factor model, it must 
be declared which, if any, of the factors is a source of convergence or divergence, For 
the Greek electricity market, the factor of convergence is the first one, since all the 
loading factors have the same sign. As it is expected, greater exposure to the first 
factor has the forecasted loads, while RES injections have higher exposure to the 
second factor. Also, it is worth noting, that the second factor is a source of divergence. 
 
 






















0 am 2,747 -2,258 564,110 39,895 41,638 271,684 
1am 3,355 -2,617 553,188 14,898 46,705 286,415 
2 am 3,290 -2,980 524,818 17,893 51,798 301,139 
3 am 3,208 -3,311 499,081 20,010 56,761 314,812 
4 am 2,948 -3,616 488,968 7,811 60,592 325,832 
5 am 3,000 -3,560 518,724 -45,649 63,575 335,633 
6 am 3,468 -3,243 621,950 -98,725 61,872 358,190 
7 am 4,408 -3,368 701,337 -70,445 54,562 395,095 
8 am 5,044 -3,688 774,062 -41,342 50,455 435,064 
9 am 5,157 -3,983 796,841 -5,206 46,214 472,849 
10 am 5,268 -4,155 802,972 26,949 40,142 500,829 
11 am 5,479 -4,061 822,414 53,671 33,777 518,722 
12 pm 5,917 -4,010 860,880 75,835 24,951 531,734 
13 pm 7,005 -4,273 909,658 92,236 16,047 541,773 
14 pm 7,721 -4,665 975,400 43,731 6,537 548,851 
15 pm 7,101 -4,481 987,902 8,042 4,582 537,981 
16 pm 6,321 -4,296 986,713 -56,421 21,662 485,357 
17 pm 6,041 -4,396 988,726 -150,162 52,645 396,134 
18 pm 5,640 -4,383 872,078 -167,085 49,086 315,150 
19 pm 4,644 -3,730 733,346 -128,014 36,377 275,492 
20 pm 3,177 -2,272 690,182 -51,282 32,043 259,253 
21 pm 3,122 -1,556 690,911 -20,725 32,253 248,879 
22 pm 3,104 -1,175 687,744 1,554 33,845 242,901 
23 pm 2,855 -2,182 638,996 0,512 40,457 241,339 
 
Table 19, shows that the loading for Loads peaks from15pm-17pm, when the loads 
reaches at its highest level, while it has by far the heaviest load on factor one. It means, 
that the forecasted loads influence the most the prices at that particular time period. 
On the other hand, RES injections are heavier loaded on factor 2, and they peak on 
the time period from 10am-15pm, when the solar power has its higher levels, showing 
that RES injections have the highest impact during that individual hours. 
 
Finishing, we provide two representative examples of the memory of prices and load, 
for the same individual time block, that of 13pm. Figure 27, shows that that on one 
hand, prices exhibit a memory that last for about 250 days, “related” positively to the 
prices of today. At the following time period, the autocorrelation is negative for at least 
one year. Forecasted loads show a memory that lasts about 80 days. The periodicity 
of cycle is 170 days, that is close to 6 months, meaning that every six months some 
phenomena that influence load reoccur. 




Figure 27: Sample autocorrelation plot for indicative hours in Greece. 
 
 
5.2 Analysis for Italy. 
 
 
The second country of the analysis is Italy. The analysis begins with the exhibition of 
some fundamental characteristics of the Italian electricity market. first of all, Figure 28, 
shows the Day-ahead prices for each of the weekdays. The data, suggests that during 
the working days we have, generally speaking, steady average prices that are close to 
50 euros/ MWh. From the same figure, it is concluded that during working days there 
are also many extreme-outlier prices something that it is not observed during 
weekends. In addition to that, during weekends and especially Sundays, on average, 
there are much lower average prices, that are as low as 45 euros for Saturday and 40 
euros for Sunday, the lowest average of all. In general, seasonality exists. As 
previously was pointed out for the Greek electricity market, the lowest during weekends 
electricity prices are due to the lower demand for electricity during weekends, since 
there are not so many intensive economic activities during that time, causing the total 
demand for energy (electricity) to decline. 




Figure 28: Italy: Boxplot of the weekday day-ahead electricity prices 2015-20 
 
 
Figure 29: Italy Monthly boxplot of Day-ahead electricity prices 2015-20 
 
 
Proceeding with the analysis of Italian market, we exhibit on Figure 29, the monthly 
boxplots. The above figure, leads to the following conclusions. Firstly, the average 
prices among months differ. Months with the highest average prices are November to 
January, that have median prices close to 55 euros, while the lowest prices are 
observed from March to May and August, with average prices close to 45 euros. The 
months with the most observed outliers are January and September, which are the 
months with lowest temperatures, and least day-hours in winter and at the first month 
of fall.  
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In an attempt to acquire a more complete picture of the overall market, the same 
analysis is conducted for forecasted load and RES injections. Figure 30, verifies the 
hypothesis that during weekends, and especially during Sundays the electricity load 
sinks at its lowest level, while for the working-days total hourly loads are relatively 
steady. Once again, the conjecture that electricity prices are affected by the forecasted 
loads is not rejected, since days with the highest loads, happen to have higher average 
prices. The hypothesis that once again is present, is related to the factor of economic 
activity and the ways in which it affects electricity prices. 
 
Figure 30: Italy Weekday boxplot of Forecasted loads for 2015-20 
 
Figure 31: Italy Monthly boxplot of Forecasted loads for 2015-20. 
 
 In Figure 31, the monthly boxplots for loads are given. From the figure, it is concluded 
that July is the month with the highest load, followed by February and January, while 
the load sinks in April and May. Most of the outlier values ate found during August. It 
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is assumed, that seasonality exists, since July and January-February, are the months 
in which the demand for electricity peaks either because of economic activity, or 
because of the increased lighting and cooling needs. A point with deserves additional 
explanation is the reason for which July is not the month with the highest, on average, 
prices. To explain this, we present Figure 32. 
 
 




The reason for the aforementioned phenomenon is the level of RES injections during 
summer months. The injections peak during June and July causing a depreciation of 
electricity prices, by moving to the right all of the supply curve. This phenomenon takes 
place only during summer months (May included), cause of the longer day-light hours. 
Italian RES industry is based on solar power, meaning that the merit-order effect takes 
place at large only during summer and day-light hours, since the level of injection 
during the rest of the months and hours is low. It is worth mentioning the existence of 
many outliers during the fall and winter months. Generally speaking, the RES injections 
offset the “demand-effect” of increasing the prices during summer, but not during the 
other seasons. For the remaining months, the relationship among loads, prices and 








5.2.1 Factor analysis for the country of Italy. 
 
Factor analysis has been used to reduce the dimensions of our data. The number of 
factors chosen is such, that explains more than 80% of the variance of the data. The 
Italian market needs only one factor to explain-capture the wanted percentage of 
variance. 
 









84,22% 0,30% 0,05% 0,02% 
6,94% 0,21% 0,04% 0,02% 
3,36% 0,15% 0,03% 0,02% 
1,48% 0,13% 0,03% 0,02% 
1,34% 0,11% 0,03% 0,01% 
0,71% 0,08% 0,03% 0,01% 
0,51% 0,06% 0,02% 0,01% 
(The remaining 34 factors explain zero variance so they are not reported) 
 
Table 21: Eigenvalues of the Italian electricity market 
1-12 13-24 25-36 37-48 49-60 61-72 
8,67E+06 7,82E+03 1,76E+03 1,96E+02 1,85E+01 7,81E-01 
7,15E+05 6,27E+03 1,45E+03 1,60E+02 1,60E+01 1,13E+00 
3,46E+05 5,43E+03 1,19E+03 1,24E+02 1,39E+01 6,95E+00 
1,52E+05 4,25E+03 1,15E+03 1,01E+02 1,22E+01 2,09E+00 
1,38E+05 3,50E+03 1,01E+03 7,98E+01 1,20E+01 2,52E+00 
7,31E+04 3,34E+03 7,36E+02 7,44E+01 9,82E+00 5,62E+00 
5,25E+04 3,00E+03 7,04E+02 6,85E+01 9,25E+00 5,48E+00 
3,06E+04 2,65E+03 5,48E+02 5,94E+01 7,93E+00 3,04E+00 
2,17E+04 2,39E+03 4,67E+02 4,99E+01 7,53E+00 3,70E+00 
1,50E+04 2,31E+03 4,01E+02 3,34E+01 1,65E-01 4,62E+00 
1,37E+04 2,14E+03 2,61E+02 2,93E+01 3,14E-01 4,13E+00 
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The combination of information given by Figure 33 and Table 22, lead to the 
conclusion, that only the first factor explains 84.22% of the variance, while the 
remaining ones only 15.78%. Table 22, provides the percentage of variance of each 
variable is explainable by the model. 













0 am 7,48% 92,52% 33,88% 66,12% 0,19% 99,81% 
1am 7,80% 92,20% 35,70% 64,30% 0,19% 99,81% 
2 am 8,84% 91,16% 38,93% 61,07% 0,21% 99,79% 
3 am 9,98% 90,02% 43,58% 56,42% 0,22% 99,78% 
4 am 11,32% 88,68% 50,99% 49,01% 0,19% 99,81% 
5 am 15,54% 84,46% 69,39% 30,61% 0,17% 99,83% 
6 am 30,01% 69,99% 88,52% 11,48% 0,05% 99,95% 
7 am 36,20% 63,80% 93,44% 6,56% 0,83% 99,17% 
8 am 43,39% 56,61% 94,66% 5,34% 1,47% 98,53% 
9 am 39,23% 60,77% 95,94% 4,06% 1,31% 98,69% 
10 am 34,30% 65,70% 96,63% 3,37% 1,23% 98,77% 
11 am 34,17% 65,83% 96,32% 3,68% 1,23% 98,77% 
12 pm 30,30% 69,70% 94,81% 5,19% 1,27% 98,73% 
13 pm 35,92% 64,08% 93,83% 6,17% 1,45% 98,55% 
14 pm 40,97% 59,03% 94,95% 5,05% 1,76% 98,24% 
15 pm 40,90% 59,10% 95,84% 4,16% 2,12% 97,88% 
16 pm 38,88% 61,12% 96,40% 3,60% 2,33% 97,67% 
17 pm 33,51% 66,49% 95,19% 4,81% 2,16% 97,84% 
18 pm 28,12% 71,88% 91,95% 8,05% 1,08% 98,92% 
19 pm 21,64% 78,36% 89,31% 10,69% 0,02% 99,98% 
20 pm 11,21% 88,79% 87,97% 12,03% 0,09% 99,91% 
21 pm 10,68% 89,32% 84,29% 15,71% 0,01% 99,99% 
22 pm 12,24% 87,76% 77,63% 22,37% 0,01% 99,99% 
23 pm 14,04% 85,96% 72,93% 27,07% 0,02% 99,98% 
 




An interpretation of Table 22, shows that model cannot capture adequately the 
variability of prices and especially RES injections. For the former, the group of prices 
that principal components are able to explain more than 30% of the variability, is from 
6am-17pm peaking at 8am with 43.39%, while its worst performance is observed at 
00am, with only 7.48%. For RES injections, the most of variability that the model can 
explain is 2.33% at 16pm, and the least is at 21pm and 22pm with only 0.01%. The 
model performs adequately for the forecasted loads, for a group of variables from 6am-
19pm, being able to explain close or more than 90%, peaking at 10am at 96.63%. Its 
worst performance is observed at 00am with only 33.88%, while from 0am-5am it 




Figure 34: Worst performances of the models, centralized vs common component estimation. 
 
 
The conclusion from Table 22 are verified by Figure 34, concerning the worst 
performances of the model against the centralized values, while Figure 35 presents 
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5.2.3 Factors and Loading for the electricity market of Italy. 
 
In order to explain the electricity market of Italy, only one factor has been used. This 
factor follows the same path through the time with the variable of forecasted load, 
something that could be seen at Figure 36. 
 
Figure 36: Timeplot of common factors against centralized Loads and CPI Italy. 
 
 





The conclusion drawn from figure 36, is that the chosen factor explains the forecasted 
loads of the Italian electricity market quite adequately, since they have identical co-
movement through time. In addition to that, the factor shows a form of seasonality, 
since the peaks and the plummets are observed at fixed periods from time to time. The 
factor shows the same course over time with CPI of Italy. To complete the analysis, 
loadings for each variable for the factor are reported. In the case of Italy, there is no 
factor that causes convergence, meaning that is systematic in nature. As it is expected 
the variable with the highest exposure to this factor is the forecasted load. The factor 
one, represents the conditions in the economy, interpreted by consumer price index, 
or generally speaking economic events on the short run, with some of the electricity 









Table 23 and Figure 37, show that forecasted loads are the variables with the heaviest 
exposure on the specific factor. The different signs indicate that the factor is a source 
of divergence. At 16pm, the loading for the forecasted load peaks, while at the same 
time for RES injections the loading reaches its lowest point, shown that when the 
influence of one peaks, the influence of other reaches its lowest level. When load 
influences the prices the most, its influence is counterbalanced by RES injections. 
 





Table 23: Hourly factor loading for the case of Italy. 
 Prices: loading 
F1 
Loads: loading F1 RES: loading F1 
0 am 3,267 194,540 0,733 
1am 3,339 189,908 0,729 
2 am 3,474 192,441 0,757 
3 am 3,645 199,879 0,774 
4 am 3,835 215,474 0,716 
5 am 4,459 266,401 0,681 
6 am 6,978 420,389 0,460 
7 am 8,995 613,872 -6,396 
8 am 12,120 773,388 -17,048 
9 am 11,379 813,304 -22,600 
10 am 9,746 801,349 -26,345 
11 am 9,572 794,477 -29,591 
12 pm 8,198 717,726 -32,310 
13 pm 9,393 705,184 -35,829 
14 pm 11,250 788,110 -40,727 
15 pm 11,479 834,074 -46,011 
16 pm 11,395 847,298 -46,261 
17 pm 11,317 817,571 -34,290 
18 pm 10,105 725,814 -13,847 
19 pm 7,950 614,473 -0,595 
20 pm 4,989 495,733 0,503 
21 pm 4,356 433,937 0,136 
22 pm 4,187 372,655 0,200 
23 pm 4,192 330,590 0,217 
 
 
At the end, it is provided the autocorrelation function, Figure 38, for an indicative hour 
for both day-ahead prices and for forecasted loads. It is obvious the both of the 
variables have long memory, since the decay of memory is slow enough. For example, 
the memory of the two indicative time series show that has a memory of at least 210 
days. In addition to that the periodicity of cycle of forecasted loads is close to one year, 
while for day-ahead prices, there is a strange pattern, since after 250 days, the 
autocorrelation turns negative for a short period of time before it turns into positive 










Figure 38: Sample autocorrelation plot for indicative hours in Italy 
 
 
5.3 Analysis for Sweden. 
 
The third country of the analysis is Sweden. The first part of the analysis, is the 
presentation of, as in every country, the fundamental characteristics of this market. 
Figure 39, presents the Day-ahead prices of every one of the weekdays. Based on the 
gathered data, the level of prices among the working days remains quite steady, being 
around 32 euros per MW, while at the same time there are not many outliers. As 
always, the prices for the weekends and particularly for Sundays, are the lowest prices 
within the week, reaching as low as 25 euros/MW. The reason for having lower prices 
during weekends, is once again, the reduced economic activity and by extent the lower 














Figure 40: Sweden Monthly boxplot of Day-ahead electricity prices 2015-20 
 
  
The second step, is to conduct the analysis for the level of prices throughout the 
months of the years, given at Figure 40. The months with, on average, the lowest prices 
are April and May with prices around 25 euros/MW, while November and August have 
the highest ones with 38 and 35 euros respectively. The prices for the rest of the 
months, remain on the level of 30 euros. From August to January, there are observed 
the most extreme prices.  A worth mentioning fact is, that the first semester is 
characterized by lower prices compared to the second one, and knowing that Sweden 
has during the first semester on average less daylight hours and lower temperatures, 
the question that arises is why increased demand is not accompanied by higher prices.  





In addition to that, the forecasted loads for weekdays are given at Figure 41. At that 
figure, once again it is obvious that the load levels are at a steady level during working 
days, at 10000MW, and they experience a 10% decline during weekends. Sweden is 
the first country the Sunday and Saturday, have equally low levels load, when for other 
countries, Sunday was the lowest load day. Once more, the load-price relationship is 
confirmed at least for the weekdays. 
 
 





A better picture of the conditions of the market is given by Figure 42, that exhibits the 
monthly forecasted loads. The figure shows that the highest load is observed on 
January and February, while the lowest loads are found during the summer months, 
reaching their lowest level at July. Seasonality exists, since loads peak during certain 
months of the year, when conditions of low temperature and few daylight hours prevail. 
In addition to that, summer months has the lower economic activity of each year. An 
additional feature of the Swedish market is that its RES productions is based on wind 
turbines, making the production higher during fall and winter months. Figure 43, gives 
a detailed overview. 
 
 







Figure 42: Sweden Monthly boxplot of Forecasted loads for 2015-20. 
 
 
Figure 43: Sweden Monthly boxplot of RES injections for 2015-20. 
 
 
The above figure confirms that fall and winter months have the highest RES injections, 
showing seasonality. The reason that months such as January and February have low 
instead of high prices, since they have the highest forecasted loads is the merit-order 
effect. The RES injections come with a priority into the system causing the prices to 
fall. The absence of those injections is also the reason for the observed high prices 
during the summer months, when the RES productions and injections are at their 
lowest levels. A remarkable feature of the Swedish market is the concurrence of moths 
with the increased loads with those of increased RES injections. By combining the 
information given by figures 40,42 and 43, the conclusion that is drawn is that the 
market has such a structure, that provides the lowest prices at the months with the 
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highest demand, maximizing the welfare of the consumers. That happens because the 
highest RES injections coincide with months with the highest demand, creating an 
offsetting force, that keeps the prices from increasing. The relationship between prices, 





5.3.1 Factor analysis for the country of Sweden. 
 
In order to reduce the dimension of the data, factor model has been used. The number 
of factors chosen, explains more than 90% of the variability of the data. The Swedish 
market needs only one factor to capture this percentage of variance. 
 
Table 24: Percentage of Variance explained by each factor 
 
1-7 factor 8-14  factor 15-21 factor 22-28 factor 
90,97% 0,10% 0,01% 0,00% 
4,99% 0,05% 0,01% 0,00% 
1,66% 0,04% 0,00% 0,00% 
0,95% 0,03% 0,00% 0,00% 
0,71% 0,02% 0,00% 0,00% 
0,26% 0,01% 0,00% 0,00% 
0,17% 0,01% 0,00% 0,00% 
(the remaining 34 factors explain zero variance, so they are not reported) 
 
Table 25: Eigenvalues of the Swedish electricity market 
 
1-12 13-24 25-36 37-48 49-60 61-72 
9,23E+07 1,31E+04 8,25E+02 1,78E+02 2,78E+01 4,39E+00 
5,06E+06 1,22E+04 7,55E+02 1,60E+02 2,35E+01 3,83E+00 
1,68E+06 5,85E+03 5,93E+02 1,04E+02 2,24E+01 2,79E+00 
9,69E+05 5,09E+03 5,11E+02 9,65E+01 2,15E+01 2,47E+00 
7,19E+05 3,77E+03 4,30E+02 7,46E+01 1,92E+01 2,30E-01 
2,60E+05 3,14E+03 3,87E+02 6,74E+01 1,51E+01 4,38E-01 
1,75E+05 2,26E+03 3,41E+02 5,38E+01 1,31E+01 1,73E+00 
9,95E+04 2,25E+03 3,28E+02 4,99E+01 8,77E+00 1,53E+00 
4,98E+04 1,63E+03 2,79E+02 4,52E+01 8,40E+00 1,25E+00 
3,89E+04 1,36E+03 2,60E+02 4,11E+01 6,53E+00 1,17E+00 
2,82E+04 1,12E+03 2,42E+02 3,08E+01 6,12E+00 9,05E-01 










Figure 44: Screeplot of principal components of Sweden. 
 
 
By considering the information provided by the above figure and tables as a whole, it 
is revealed that the first factor alone explains 91% of the variance, while the rest ones 
only 9%. Table 26, shows the percentage of variance of each variable that is explained 
by the model. 













0 am 3,26% 96,74% 92,78% 7,22% 3,06% 96,94% 
1am 4,08% 95,92% 92,92% 7,08% 3,04% 96,96% 
2 am 4,87% 95,13% 93,28% 6,72% 3,19% 96,81% 
3 am 5,96% 94,04% 93,76% 6,24% 3,49% 96,51% 
4 am 7,83% 92,17% 94,78% 5,22% 3,79% 96,21% 
5 am 7,26% 92,74% 96,97% 3,03% 4,40% 95,60% 
6 am 5,74% 94,26% 97,54% 2,46% 5,38% 94,62% 
7 am 8,36% 91,64% 94,95% 5,05% 6,06% 93,94% 
8 am 6,97% 93,03% 95,08% 4,92% 5,97% 94,03% 
9 am 5,09% 94,91% 97,01% 2,99% 5,28% 94,72% 
10 am 3,68% 96,32% 98,12% 1,88% 4,26% 95,74% 
11 am 2,36% 97,64% 98,53% 1,47% 3,17% 96,83% 
12 pm 2,31% 97,69% 98,53% 1,47% 2,32% 97,68% 
13 pm 3,02% 96,98% 98,38% 1,62% 1,78% 98,22% 
14 pm 3,74% 96,26% 98,13% 1,87% 1,65% 98,35% 
15 pm 6,30% 93,70% 97,53% 2,47% 1,82% 98,18% 
16 pm 9,81% 90,19% 97,14% 2,86% 2,18% 97,82% 
17 pm 11,96% 88,04% 97,71% 2,29% 2,87% 97,13% 
18 pm 8,57% 91,43% 98,15% 1,85% 3,89% 96,11% 
19 pm 2,37% 97,63% 98,01% 1,99% 4,85% 95,15% 
20 pm 1,31% 98,69% 97,75% 2,25% 5,04% 94,96% 
21 pm 0,95% 99,05% 97,50% 2,50% 4,69% 95,31% 
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22 pm 1,26% 98,74% 96,86% 3,14% 4,03% 95,97% 
23 pm 2,49% 97,51% 95,19% 4,81% 3,56% 96,44% 
 
 
Table 26. presents the ability of the model to explain the variance of each of the 
individual hour variables. To begin with, models seems to be unable to explain the 
variability of prices and of RES injections. For the former (prices), the variability 
explained, is within the range of 1%-12%, with an average of 5%. Its lowest 
performance is found at 21pm, with only 1% and its best on at 17pm with 15%. The 
latter one (RES injections), shows a quite high idiosyncratic component, meaning that 
the model cannot explain its variance.  The worst performance of the model is evident 
at 14pm with the explained variance as low as 1.65%, while its best performance is 
observed at 7am. The variable that the models seems to explain its variance the best 
is forecasted load, with the percentages of variance explained being always above 
90%. To be more precise, its worst performance is observed at 00am, and its best at 
11am and 12pm, with 98.53%. 
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Figure 46:  Best performances of the models, centralized vs common component estimation. 
 
 
The figures 45 and 46, show the worst and the best performance of the model 
respectively, verifying the results given by the Table 26. 
 
 
5.3.2 Factors and Loading for the electricity market of Sweden. 
 
In our analysis, the explanation of Swedish electricity market required, and used, only 
one factor. The factor chosen, though the time follows the same path with the variable 
of forecasted load values, as it is presented at Figure 47. 
Figure 47: Timeplot of common factors against centralized Loads. 
 
 




The assumption from figure 47, is that the factor explains the forecasted load of at a 
remarkable level, something obvious through the co-movement throughout the period 
of the analysis. There is evident seasonality, since the period of time between two 
peaks is about 360 days, an observation that is also valid for plummets. In the case 
of Sweden, the factor represents the condition in the economy throughout the year 
that tends to increase or decrease the demand for energy, and especially electricity. 
This factor follows, and has the same seasonality as the CPI for Sweden, as it is show 
in the figure. The analysis is completed with the report of the loading of each variable 
to the factor, given at Figure 48. 
Figure 48: Plots of Loadings of Factors 1 for all hours and variables. 
 
 








  0 am 2,147 1597,248 88,978 
1am 2,387 1613,739 88,232 
2 am 2,613 1633,699 89,998 
3 am 2,897 1670,327 93,886 
4 am 3,332 1753,882 97,620 
5 am 3,251 1907,543 105,338 
6 am 3,022 2157,637 117,048 
7 am 4,521 2300,094 124,848 
8 am 4,722 2218,665 123,804 
9 am 3,746 2105,627 117,259 
10 am 2,941 2035,864 106,176 
11 am 2,286 1978,255 92,251 
12 pm 2,223 1933,652 79,583 
13 pm 2,501 1911,032 70,009 
14 pm 2,738 1929,721 67,546 
15 pm 3,478 2017,936 70,917 
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16 pm 4,777 2130,733 77,736 
17 pm 5,759 2231,711 88,872 
18 pm 4,511 2216,753 102,888 
19 pm 2,174 2135,905 112,108 
20 pm 1,418 2014,929 113,639 
21 pm 1,157 1873,841 108,524 
22 pm 1,307 1726,683 99,427 
23 pm 1,833 1633,958 92,372 
 
Table 27 and figure 48, show that the variable that has the largest exposure to the 
factor is forecasted load. The factor has a systemic character and is a factor that 
causes convergence. As it is seen at the above figure the loading for all of the 
variables have the same shape, showing that their peaks are observed during the 
same individual hours. More detailed, forecasted loads and RES injections have their 
peak loads at 7 am, showing that when load have the highest (analogically) influence, 
the same happens with RES injections, offsetting one another, maintaining prices at 
a steady level. 
 
Finishing, the autocorrelation functions are provided for an indicative hour for both 
load and day-ahead prices. From the figure 49, it is obvious that day-ahead prices 
show a quite strong long memory, that last more than 350 days, before it turns into 
negative. Regarding forecasted load, the memory is strong and has a positive 
correlation with the last load, a phenomenon that lasts for 90 days, before turning into 
being negative correlated, from 95th day and after. The periodicity of the cycle for 
forecasted loads in Sweden is 360 days, meaning that some phenomena, that occur 
annually have the same impact on electricity consumption.  
 
Figure 49: Sample autocorrelation plot for indicative hours in Sweden 
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5.4 Analysis for France 
 
The fourth country that its results are going to be presented is France. At figure 50, 
with the help of boxplots, we present the Day-ahead prices for each one of the 
weekdays during the period of the analysis. To begin with, throughout the working 
days, it is obvious that the average prices is close to 40 euros per MW. At the same 
figure, during the period of the analysis, the working days has experienced many 
outlier-extreme prices, mainly caused by the problems occurred at electricity 
production from nuclear power plants. In France, as in the other countries the average 
prices during weekends are lower, and especially during Sundays, that the median 
price was close to 30 euros per MW. In addition to that, Saturday and Sunday are the 
days with the least number of extreme prices, an initial sigh of a more moderate and 
stable demand for electricity. The main driver that weekends have the lowest prices 
is the absence of intensive economic activity during these days. 
 




Figure 51: France Monthly boxplot of day-ahead electricity prices 2015-20 
 






Proceeding, Figure 51, shows the boxplot with the monthly prices for France. From 
the above figure, we assume that from October to February are observed the highest 
prices for the French market. During the aforementioned period, France has the 
lowest day-light hours and also the lowest temperatures, having average prices close 
to 50 euros per MW. The remaining months show quite steady prices that 
approximate 40 euros. The months with the lowest prices for electricity are April to 
June, that prices are as low as 30 euros. Moreover, the most extreme prices are 
observed during the months with the highest, on average, prices. 
 
To fully understand the particular structure of the market, the analogous analysis is 
conducted for loads. Figure 52, presents the forecasted loads for each weekday. It is 
observable, that during working days, the forecasted load remains relatively steady, 
close to 55000MW, a phenomenon similar to the stability of the electricity prices 
during these days. Once again, the lower economic activity during weekends, causes 
the load to sink, reaching its lowest point on Sundays, at 45000MW. In addition to 
that, it is presented Figure 53, that contains the monthly load boxplots 
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Figure 53: France Monthly boxplot of Forecasted loads for 2015-20. 
 
 
Figure 53, confirms the assumption that the months with the highest prices, the load 
is also higher, compared to other months. The seasonality of loads is obvious, since, 
during the months with the highest loads, France has the lowest temperatures and 
the least day-light hours. On the other hand, from May to September the load is quite 
low, reaching on average 45000MW. Moreover, the differences amongst months’ 
loads are greater compared to the prices. To shed light on this, monthly RES 




Figure 54: France Monthly boxplot of RES injections for 2015-20. 
 
 
Figure 54, shows the monthly RES injections. We observe, that during the months 
with the highest loads, we have also the highest RES injections. From November till 
March, there are the highest injection that peak during February at 4500MW. From 
April to October the injections remain relatively steady, at 3200MW. As in other 
countries, so in France, the merit order effect phenomenon is present.  The presence 
   
83 
 
of merit order effect is more evident, from November to February, when the high load 
does not lead the prices to such a high level. That is caused by RES injections, that 
move to the right the supply curve, offsetting the high demand for electricity and as a 





5.4.1 Factor analysis for the country of France. 
 
The dimension of our data one again has been reduced with the use of Factor models. 
The number of factors that have been chosen is one, that for the case of France 
explains 92.49% of the total variance. 
Table 28: Percentage of Variance explained by each factor 
  
1-7 factor 8-14  factor 15-21 factor 22-24 factor 
92,49% 0,10% 0,01% 0,00% 
3,36% 0,05% 0,01% 0,00% 
2,26% 0,04% 0,01% 0,00% 
0,77% 0,03% 0,00% 0,00% 
0,40% 0,02% 0,00% 0,00% 
0,24% 0,02% 0,00% 0,00% 
0,16% 0,01% 0,00% 0,00% 
 
Table 29: Eigenvalues of the French electricity market 
 
1-12 13-24 25-36 37-48 49-60 61-72 
2,85E+09 5,48E+05 4,55E+04 1,23E+04 7,37E+02 5,09E+00 
1,03E+08 4,13E+05 3,96E+04 1,19E+04 4,32E+02 4,28E+00 
6,96E+07 2,38E+05 3,36E+04 1,13E+04 8,50E+01 3,91E+00 
2,38E+07 2,13E+05 3,08E+04 1,06E+04 6,76E+01 3,55E+00 
1,23E+07 1,90E+05 2,96E+04 9,88E+03 5,46E+01 1,10E+00 
7,29E+06 1,19E+05 2,83E+04 8,87E+03 3,41E+01 1,29E+00 
4,89E+06 1,15E+05 2,32E+04 7,93E+03 2,49E+01 1,49E+00 
3,10E+06 9,15E+04 2,05E+04 6,34E+03 1,67E+01 1,58E+00 
1,43E+06 8,44E+04 1,78E+04 5,14E+03 1,35E+01 1,79E+00 
1,24E+06 7,72E+04 1,62E+04 2,68E+03 1,00E+01 2,72E+00 
8,64E+05 6,01E+04 1,50E+04 2,80E+03 8,93E+00 2,57E+00 
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Τhe combination of information given by Figure 55 and Table 28, is assumed that 
only the first component by itself can explain 92.49% of the data variability, while 
the rest ones combined only 17.51%. Moreover.  
 
Table 30, provides to us with a better understand of the ability of the model to explain 
the variability of each variable. First of all, for the prices in the French electricity 
market, the model is able to explain more that 30% of the variability for the group of 
hours from 7am to 17pm, peaking at 17pm with 32.86%. For the remaining hours, 
the percentage never falls below 10% but also never exceeds 26%. Its lowest 
performance is observed at 22pm, with only 12.79%. Proceeding, the model shows 
a remarkable ability to explain the variability of the hourly forecasted load.  The 
model, at every single occasion, explains more than 90% of variance, reaching for 
some individual hours, from10am-14pm close to 100%, (98% to be precise). Its 
peaks at 12am, where 99% of variance is explained. The single-factor model, seems 
to be not adequate enough, in order to explain the variance of Res injections, since 
it performs poorly. Its performance never exceeded 6% of variance explained, while 
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0 am 15,51% 84,49% 91,18% 8,82% 5,67% 94,33% 
1am 17,46% 82,54% 91,43% 8,57% 5,16% 94,84% 
2 am 18,87% 81,13% 92,09% 7,91% 4,79% 95,21% 
3 am 16,48% 83,52% 92,97% 7,03% 4,88% 95,12% 
4 am 16,25% 83,75% 94,28% 5,72% 4,78% 95,22% 
5 am 21,16% 78,84% 96,88% 3,12% 4,88% 95,12% 
6 am 26,13% 73,87% 98,35% 1,65% 5,14% 94,86% 
7 am 30,06% 69,94% 97,01% 2,99% 4,66% 95,34% 
8 am 30,38% 69,62% 96,41% 3,59% 2,33% 97,67% 
9 am 31,47% 68,53% 97,28% 2,72% 0,42% 99,58% 
10 am 32,71% 67,29% 98,43% 1,57% 0,07% 99,93% 
11 am 31,05% 68,95% 98,67% 1,33% 0,04% 99,96% 
12 pm 29,77% 70,23% 98,90% 1,10% 0,04% 99,96% 
13 pm 30,15% 69,85% 98,61% 1,39% 0,32% 99,68% 
14 pm 30,08% 69,92% 96,37% 3,63% 1,42% 98,58% 
15 pm 29,73% 70,27% 94,69% 5,31% 3,47% 96,53% 
16 pm 30,61% 69,39% 94,29% 5,71% 6,48% 93,52% 
17 pm 32,86% 67,14% 95,00% 5,00% 7,51% 92,49% 
18 pm 14,50% 85,50% 96,02% 3,98% 2,77% 97,23% 
19 pm 22,79% 77,21% 97,74% 2,26% 0,07% 99,93% 
20 pm 19,67% 80,33% 97,66% 2,34% 3,29% 96,71% 
21 pm 13,21% 86,79% 97,60% 2,40% 5,88% 94,12% 
22 pm 12,79% 87,21% 97,54% 2,46% 6,32% 93,68% 
23 pm 16,62% 83,38% 96,92% 3,08% 5,61% 94,39% 
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5.4.2 Factors and Loading for the electricity market of France. 
 
For the estimation of loading of each factor and the factors themselves, the PCA 
method was used. For the analysis of French electricity market only factor was 
used. The factor used, follows the same path through the time with the forecasted 
load variable, as it is indicated by figure 58. 
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The assumption from the above figure is that the chosen factor follows the same 
path through time with the forecasted load, presenting a co-movement. 
Moreover, the factor shows some sort of seasonality, since every 350-400 days 
experiences a peak or a plummet. The claim that could be made is that every 
specific number of days, the factors (and the forecasted load that explains the 
best) are affected jointly by the economic activity and some seasonal conditions 
that are present, that are also captured at consumer price index for France. The 
analysis is completed with the with an exposition of the loading factors for each 
variable. The variable that is more heavily loaded to the factor is that of 
forecasted load. 
 











0 am -5,109 -9491,766 -508,727 
1am -5,167 -9760,298 -484,907 
2 am -5,261 -10024,135 -465,745 
3 am -4,880 -9974,488 -467,858 
4 am -4,846 -9923,654 -464,183 
5 am -5,771 -10402,916 -469,502 
6 am -7,803 -11619,420 -484,603 
7 am -10,703 -13109,350 -468,152 
8 am -11,396 -13180,482 -328,186 
9 am -10,982 -12432,544 -143,120 
10 am -10,736 -11787,135 -59,736 
11 am -10,014 -11258,717 -51,184 
12 pm -9,193 -10619,894 48,521 
13 pm -9,439 -10275,344 148,605 
14 pm -9,775 -10085,994 316,523 
15 pm -9,908 -9701,280 487,433 
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16 pm -10,109 -9755,767 660,617 
17 pm -11,555 -10652,794 683,122 
18 pm -14,846 -12061,456 381,549 
19 pm -10,688 -12622,797 -55,978 
20 pm -7,366 -11606,665 -394,328 
21 pm -5,105 -10384,589 -521,265 
22 pm -4,650 -9541,747 -531,974 
23 pm -5,152 -9522,812 -493,432 
 
Table 31 and figure 59, show that the forecasted load is the variable that is has 
the greatest exposure to the factor. The different signs, indicate that the factor is 
a source of divergence. At 8am, the exposure of forecasted loads peaks on the 
factor, while for RES peaks at 17pm and for prices at 18pm. The general 
assumption is that when the influence of the forecasted load peaks, RES loads 
has the lowest loading and influence.  
 
The last part of the analysis is the presentation of the autocorrelation function for 
an indicative hour, for day-ahead prices and for forecasted load. Figure 60, 
indicate that both variables have quite strong long -memory, since the decay of 
memory is slow. For the prices the memory lasts for approximately 110 days, 
being positively correlated with the prices and then the autocorrelation turns 
negative. The same observation stands also for loads, but only for 90 days. 
Moreover, for both prices and loads, periodicity of cycle is 360 days, one year, 
showing the reoccurrence of some phenomena on an annual basis. 
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5.5 Analysis for Germany. 
 
The last country that is included into the analysis, is the country of Germany. The 
first part is the exposition of fundamental features of the German electricity 
market. Figure 61, presents the Day-ahead prices for the weekdays. According 
to the results, throughout the working days the day-ahead prices steadily range 
at the level of 32 euros per MW. The average prices fall during the weekends. At 
Saturdays, the price falls at 30 euros/MW, while the lowest prices of all are 
observed at Sundays, being at the level of 28 euros, indicating a form of 
seasonality. One of the characteristics of the German market is the existence of 
many outliers for all weekdays, being also the only market that exhibit negative 
ones, caused by the excessive supply that takes place, especially during night 
hours. Negative prices, show a cash outflow, since German producers, or the 
electricity aggregator, pay others to accept that energy, since it is economically 
preferable from shutting down the production. In addition, once again, the days 
with the lowest levels of economic activity have the lowest prices of all. 
 




Figure 62: Germany Monthly boxplot of Day-ahead electricity prices 2015-20 
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Continuing, at Figure 62, the boxplots for months, are presented. Throughout the 
months of the year, there are observed many outliers, but the level of prices 
remains at steady levels, approximating 35 euros. Months with the highest 
average prices are January and November, with prices 38 and 39 euros, 
respectively. The lowest prices are observed from March to June, being close to 
30 euros. All months have many outliers for reasons previously explained. A 
general point to be marked, is that months with moderate temperatures have 
lowest prices, compared to the rest of the months. 
 
In order to establish a relationship among prices, forecasted loads and RES 
injections, we proceed with presenting the aforementioned parameters. Figure 
63, presents the forecasted loads for weekdays. As it was expected, during 
working days, forecasted load is higher compared to the weekends, but remains 
at steady levels, at 65000MW. During weekends, the economic activity is less 
intensive, causing the demand for electricity to plummet. The lowest prices, as 
expected, are observed at Sundays, at the level of 50000MW. In addition to that, 
Germany is the only country that witnesses such a strong decline of demand even 
















Figure 64: Germany Monthly boxplot of Forecasted loads for 2015-20. 
 
Figure 64, shows the monthly loads of Germany. Two are the groups that are 
identified. The first one contains the months from November to March, that is 
characterized by higher loads, close to 65000MW, while the second one with the 
remaining months ranges at the level of 58000MW. Fall and winter months are 
accompanied by higher electricity demand, implying the existence of seasonality. 
Summing up, weather conditions and economic activity, that in Germany peaks 
during this year period, are important factors in the structure of demand. Figure 
65, is going to assist us find the months that the merit-order effect has the highest 
impact on prices. 
 
 








The above figure, shows that the RES injections are higher during the months 
with the higher prices. There seems to be a perfect matching, similar to that of 
Sweden, that maximizes the consumer surplus by keeping prices low, compared 
to the forecasted loads.  The injections peak at December, at 18000MW and 
plummeting by 30% at August, at 12000MW. The merit-order effect is evident 
throughout the year, but it is more intense from December to April. Especially for 
April, high injections and low demand, drag the day-ahead prices at their lowest 
level. On the contrary, from July to September, the injections and forecasted 
loads are at their lowest point, and simultaneously the highest prices, showing 
the impact on prices of other more expensive electricity production methods.  
 
5.5,1 Factor analysis for the country of Germany. 
 
 
In order to reduce the dimension of the data, the method of factor model has been 
employed. The number of factors chosen explains above 80% of the variability of 
the data. The German market, in order to be explained needs two factors, to 
capture the wanted percentage of variability. 
 
Table 32: Percentage of Variance explained by each factor. 
 
1-7 factor 8-14  factor 15-21 factor 22-28 factor 
45,42% 0,32% 0,02% 0,00% 
39,64% 0,13% 0,02% 0,00% 
7,59% 0,10% 0,01% 0,00% 
4,06% 0,07% 0,01% 0,00% 
1,41% 0,05% 0,01% 0,00% 
0,56% 0,03% 0,01% 0,00% 
0,46% 0,03% 0,01% 0,00% 
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Table 33: Eigenvalues of the German electricity market 
1-12 13-24 25-36 37-48 49-60 61-72 
1,56E+09 1,08E+06 1,23E+05 2,47E+04 1,35E+03 4,81E+00 
1,36E+09 9,52E+05 1,14E+05 2,30E+04 1,38E+02 4,55E+00 
2,61E+08 6,56E+05 9,97E+04 2,09E+04 1,07E+02 4,13E+00 
1,39E+08 5,19E+05 8,83E+04 1,90E+04 6,06E+01 7,65E-01 
4,85E+07 3,64E+05 7,57E+04 1,46E+04 3,70E+01 3,31E+00 
1,91E+07 3,14E+05 7,10E+04 1,12E+04 2,38E+01 1,43E+00 
1,57E+07 2,64E+05 6,05E+04 7,65E+03 2,19E+01 1,48E+00 
1,11E+07 2,42E+05 4,88E+04 8,70E+03 1,29E+01 2,80E+00 
4,56E+06 2,04E+05 4,54E+04 6,10E+03 9,97E+00 1,88E+00 
3,52E+06 1,69E+05 3,80E+04 5,13E+03 9,54E+00 2,12E+00 
2,50E+06 1,50E+05 3,12E+04 3,95E+03 7,67E+00 2,27E+00 
1,88E+06 1,40E+05 2,90E+04 2,94E+03 6,43E+00 2,20E+00 
 
Figure 66: Screeplot of principal components of Germany. 
 
 
The information provided by tables 32 and 33 with figure 66, are summed up to the 
fact two factors explain jointly 85.06% of the variance and the remaining ones only 
14.94%. At table 34, are provided the percentages of variance explained in each 
variable by the model. 
 














0 am 25,46% 74,54% 69,05% 30,95% 69,34% 30,66% 
1am 29,57% 70,43% 71,31% 28,69% 72,16% 27,84% 
2 am 31,87% 68,13% 73,74% 26,26% 74,96% 25,04% 
3 am 33,62% 66,38% 76,82% 23,18% 77,33% 22,67% 
4 am 33,45% 66,55% 82,54% 17,46% 79,36% 20,64% 
5 am 31,39% 68,61% 92,71% 7,29% 81,34% 18,66% 
6 am 32,10% 67,90% 97,15% 2,85% 83,56% 16,44% 
7 am 38,37% 61,63% 94,77% 5,23% 87,78% 12,22% 
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8 am 39,38% 60,62% 94,75% 5,25% 92,90% 7,10% 
9 am 40,83% 59,17% 96,21% 3,79% 92,73% 7,27% 
10 am 43,58% 56,42% 96,25% 3,75% 88,34% 11,66% 
11 am 44,20% 55,80% 95,80% 4,20% 83,60% 16,40% 
12 pm 43,42% 56,58% 95,83% 4,17% 79,90% 20,10% 
13 pm 45,04% 54,96% 95,35% 4,65% 77,11% 22,89% 
14 pm 45,06% 54,94% 94,83% 5,17% 75,13% 24,87% 
15 pm 45,02% 54,98% 94,78% 5,22% 74,18% 25,82% 
16 pm 42,55% 57,45% 97,05% 2,95% 75,08% 24,92% 
17 pm 38,76% 61,24% 97,68% 2,32% 79,26% 20,74% 
18 pm 31,71% 68,29% 97,18% 2,82% 82,88% 17,12% 
19 pm 20,88% 79,12% 96,89% 3,11% 79,97% 20,03% 
20 pm 16,85% 83,15% 96,58% 3,42% 74,07% 25,93% 
21 pm 15,54% 84,46% 95,46% 4,54% 69,71% 30,29% 
22 pm 14,79% 85,21% 91,12% 8,88% 66,70% 33,30% 
23 pm 16,85% 83,15% 88,17% 11,83% 64,08% 35,92% 
 
 
Generally speaking, and based on the results given at Table 34, the models 
seems to explain adequately the variance of each one of the variables. For the 
day-ahead prices, the percentages of variability explained can be grouped to 
those above and below 30%. From 2am till 18pn, the model captures always 
more than 30%, and especially for hours from 9am to 16pm, it exceeds 40%. Its 
peak is at 14pm with 45.06% and its worst performance at 22pm with 14.79%. 
For the variables of forecasted load, that our model has the best performance, 
only from 23pm to 4am, the model explains less than 90% of the variability. For 
remaining hours, its performance is steadily above 95%. Its best performance is 
observed at 17pm and its worst performance is at 0am. The performance of the 
models is quite satisfactory for the last variable, that of RES injections. Its 
performance across the individual hours could be divided into two groups. The 
first one, containing hours from 21pm to 00am, that explains less than 70%, while 
the second group contains hours, that their variability is explained more than 
70%, and in some occasions even more than 90%. Its worst performance is 
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5.5.2 Factors and Loading for the electricity market of Germany. 
 
The explanation of the German electricity market required the use of two factors. 
The figures below, show which one of the factors explains best which one of the 
variables. 










Figure 69, leads to the conclusion that the first factor explains the forecasted 
loads of the German electricity market almost perfectly. Throughout the period of 
the analysis, factor follows the same path as the forecasted loads. The factor 
shows a seasonality, since amongst the plummets and the peaks there are fixed 
time periods. The seasonality of the factor, is an indication that the factor itself 
could be interpreted as a proxy, or through the move of an economic indicator 
that explains the short-term increase and/or decrease of the economic activity 
and by extent he general level of prices. The consumer prices index for Germany 






















Proceeding, from Figure 70, the assumption that could be made is that RES 
injections are explained better by the second factor. During the period of the 
analysis, the factor follows, with a few exceptions, the same path as the RES 
injections. The factor, shows a seasonal behavior, since the time period between 
its peaks and plummets is fixed, showing some form of predictability. After the first 
1000 days, the fluctuations are more intense, implying a change. This change has 
been caused by the additional installation that affect the RES capacity, making it 
possible the higher exploitation of solar and wind energy. The factor follows the 
same, but inverse, path as average temperature in Germany, shown that the lower 
the temperature the higher the value of the factor and its impact on prices. 
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To complete the analysis, the factor loadings are given at Table 35. None of the 
factors could be characterized as a systematic one, since none of them has 
loadings on factor with the same sign. As it is expected, on the first factor, 
forecasted load has greater exposure/ heavier loadings. On the other hand, the 
RES injections are more exposed, and so heavier loaded on the second factor. It 
shows that when the load affects the prices the most (8am-10am), an offsetting 
force from the RES injections is present, making the prices to fall, while during the 
night-hours, the influence of load is at all-time low, while that of RES injections is 
high, created by the oversupply of energy produced by wind turbines. 
 
 
Figure 71: Plots of Loadings of Factors 1 & 2 for all hours and variables. 
 
 














0 am 3,739779 -4,53333 3824,989 2711,805 -3408,29 6407,401 
1am 4,550032 -4,6665 3727,264 2641,85 -3481,09 6512,356 
2 am 4,925875 -5,08701 3733,591 2702,059 -3567,94 6606,975 
3 am 5,183246 -4,94186 3813,668 2805,733 -3615,23 6704,948 
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4 am 5,444639 -4,4439 4073,952 3027,659 -3671,83 6786,279 
5 am 5,861506 -3,20153 4757,579 3503,656 -3735,78 6852,885 
6 am 8,112821 -1,32888 6504,748 4720,905 -3863,03 6901,678 
7 am 10,51749 -0,03453 8411,415 5975,205 -4157,92 6720,649 
8 am 10,83803 -0,34863 8569,296 5951,912 -4734,26 6338,105 
9 am 10,40249 -1,14899 7838,36 5389,642 -5332,81 6011,431 
10 am 10,71915 -1,50614 7469,275 5073,769 -5871,95 5772,991 
11 am 10,73244 -1,74298 7169,72 4834,689 -6302,76 5587,69 
12 pm 10,78497 -1,85333 6896,302 4679,064 -6587,16 5418,583 
13 pm 12,0183 -1,44134 7202,477 4965,856 -6795,83 5264,131 
14 pm 12,5282 -0,95257 7140,609 4962,438 -6938,81 5090,511 
15 pm 11,91721 -0,53158 7106,873 4942,812 -6948,31 4944,837 
16 pm 11,06519 -0,34587 7068,34 5011,959 -6737,28 4918,393 
17 pm 10,40067 -0,07569 7047,138 5138,007 -6131,7 5157,631 
18 pm 8,738542 -0,71698 6976,823 5163,919 -5174,21 5681,954 
19 pm 6,640041 -1,89688 6868,855 5015,213 -4257,51 6191,57 
20 pm 4,614768 -2,68277 6292,664 4463,768 -3721,78 6407,841 
21 pm 3,54088 -2,95278 5566,411 3898,787 -3526,86 6365,335 
22 pm 2,821891 -3,09527 4873,637 3448,143 -3448,93 6152,218 
23 pm 3,101071 -3,55866 4419,431 3179,5 -3412,99 5957,613 
 
 
Finishing the analysis, the last part of it examines the memory of the prices and 
loads. As it can be seen, that both of them have long memories. Day-ahead prices 
have a memory that positively affects today for a period of 100 days, before turning 
negative. The periodicity of day-ahead prices, is close to 360 days, that is a year, 
meaning that they show an annually pattern. For the case of loads, the memory is 
even stronger and last more than two years, a phenomenon expected, since the 
electricity consumption is more stable and steady in the short and mid-term, since 
the adaptation of new energy efficient technologies takes time. 
 
Figure 72: Sample autocorrelation plot for indicative hours in Germany. 
 
 








The purpose of the dissertation was to unveil the market pricing model of electricity 
and to identify the number of factors that affect Day-ahead electricity prices. The 
initial variables chosen to conduct the analysis were of three categories, day-
ahead prices, forecasted loads and RES injections. The analysis spanned a 6-year 
period from January 2015 to October 2020. For each one of the countries, there 
were more than 2000 days and 24 hours, for each one of the variables. The 
dimensions of the initial panel ware consisting of 72 columns(variable) and more 
than 2000 rows (days). To reduce the dimensions of the data, factor model has 
been used. The estimation of loading factors and loadings, was done with the 
method of principal components, while the number of factors for each country was 
based on the number of them needed to explain more than 80% of the variance. 
In addition to that, it was studied, if one of the chosen factors had a systemic 
character, meaning that it affected all variables at the same way. 
 
For the country of Greece, in order to explain more than 85% of the variance, two 
factors have been used. The variable that its variance was better explain by the 
first factor was all individual time blocks of forecasted loads, while the second 
factor explained the RES injections. The timeplot of factors against the centralized 
loads, showed that through the time they follow the same path, while the second 
factor followed the same path with RES injections. The factor one, that is also the 
convergence factor, could be approximated, since it follows if not identical, similar 
path with consumer price index (CPI), a measure for the cost of living. The second 
factor follows the same path as the average temperature, and the accompanied 
weather phenomena. Prices become more sensitive at load from 6am, and the 
highest sensitivity is observed from 12pm to 17pm, following afterwards a 
downward trend, being less sensitive at 5am. For RES injections, prices are more 
sensitive from 10am to 16pm, which is the time that their impact peaks. The time 
periods that their influence is negligible is from 20pm to 4am, hours with no solar 
power, that RES in Greece are based. The two variables peak at the same time 
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periods, meaning that RES offsets the high loads of that hours, causing the prices 
to decline, under normal circumstances. 
 
For the second country, that of Italy, in order to explain more than 80% of the data 
variability, only one factor has been used. That factor, explained better the 
forecasted loads, showing through the timeplots that they followed the same path. 
The heaviest exposure to that factor had the forecasted load. The sensitivity of 
prices to the factor was positively through the whole time, and it peaked at 9am 
and at15pm-16pm. Its lowest exposure was from 0am-5am, when the electricity 
demand is lower than the other hours. For RES injections, they have higher and 
negative impact on prices during day-hours from 7am-18pm, causing the prices to 
decline. Moreover, the factor of this model, is not a factor of convergence, meaning 
that the loads of the variables show among the an opposite course. The course of 
the factor could be approximated from the consumer price index, since they have 
the same seasonality and show the same period of plummets and peaks. 
 
For all electricity markets that have been analyzed, there are some general 
assumptions that are applied to every single one of them. First of all, that economic 
activity and by extent load, are higher during working days, having a steady level, 
compared to weekends, and that Sunday is the day with the lowest forecasted 
loads and day-ahead prices. Moreover, day-ahead prices are on firm level 
throughout the working day, and are lower during weekends. The level of RES 
injections depends on the structure of the RES production basis. Countries such 
as Greece and Italy, that depend on solar power, have got higher injections during 
summer months and day-light hours. For the remaining countries, the majority of 
their production is based on wind, so during winter and fall months, exhibit higher 
injections, especially at night-hours. 
  
Continuing for France, only one factor was required to capture 92.49% of the data 
variability. From the factor, the forecasted loads were explained at a better degree, 
while the timeplot showed that they follow the same course through time. The 
factor was a source of divergence, since when it caused the one variable to peak, 
it had the opposite impact on the other. The prices were positively affected on a 
larger degree from forecasted load at 7am-8am and at 18pm-19pm. For the RES 
injections, the period that they had the highest, and negative, impact on prices was 
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at 16pm-17pm, when the injection caused the prices to decrease. Once again the 
course, the seasonality and the peaks and plummets of the factor could be 
approximated from the consumer price index for services. 
 
Sweden, was explained by one factor, that captured 91% of variance of the data. 
The factor, once again, explained the forecasted loads better than the other two 
variables, following the same course thought the period of the analysis. In addition, 
factor was a source of convergence for all variables. at 7am-8am, forecasted loads 
and RES injections had the highest degree of influence on the prices, while the 
second time period with high enough impact of those variables on prices was at 
17pm-19pm, showing that high impact on prices by one is counterbalanced by the 
other. The factor could be approximated by the consumer price index of Sweden, 
because they show and have the same seasonality and periods of peak and 
plummet. 
 
The last country is that of Germany, whose data variability is largely explained by 
two common factors (the jointly make up for 85.06% of the total sample variance). 
First factor explained better the forecasted load, while the second factor gave a 
better explanation for the RES injections. The timeplots of the variables against 
the variables verifies the aforementioned assumptions. None of the factors was a 
source of convergence. Forecasted loads, had the highest impact on prices at 
10pm-11pm, while from 12pm to 20pm, the impact was steady. During the night-
hours, they showed the lowest influence. For the second variable, at the same 
factor, the highest, and negative, influence on prices was from 14pm-16pm, 
causing he prices to fall. For the second factor, the first variable followed identical 
course, while the second variable, had the highest exposure on the second factor 
during night-hours, something expected, since RES industry of Germany is based 
on wind energy, that is more intense during night-hours. 
 
Summing up, all the electricity markets can be explained by quite a few number of 
factors that can explain about 80% of the variability of data. The factors that have 
been extracted could be named or approximated by the CPIs of each country as 
the first factor that is linked to it, and the second factor, when it is included, is 
approximated by weather. The day-ahead prices are for all countries higher during 
working days and lower during weekends, an observation that also holds for the 
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loads. The merit-order effect has been identified for every country that has been 
analyzed, making the supply curve to move to the right. The level of RES injections 
depends on the installed infrastructure, something that could change through time.  
 
The above results can lead to some policy implications. The first one is that the 
governments could increase their revenues by increasing the electricity taxation 
for certain months or even at certain day hours, that the influence of forecasted 
loads on prices is higher. Secondly, the government could also offer some 
additional incentives in case that there are some time periods or months where 
there is an oversupply of energy, for the manufacturing sector and factories to work 
during that hours or periods, saving money from zero or close to zero electricity 
prices. On the mid-term, government could invest money on network infrastructure 
that will connect power consuming and power producing areas, something that will 
help RES to better be integrated into the system. To advance the interest of 
consumers, maximizing their surplus, government could establish a rate of return 
or profit-cap for producers, meaning that will let them make a profit up until a certain 
point. On the other hand, in order to give incentives to investors to invest into 
conventional power plants and secure the electricity supply, it could give them tax 
incentives, or minimum prices, securing their cash flows. On the long-run, a proper 
strategy for the electricity production, would be to find which RES is more abundant 
in order to be exploited, how the scheduling of production should be, in order to 
stabilize prices and better absorb potential supply, demand or external shocks and 
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